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Abstract. In the digital age, the volume of news data available from diverse
sources is vast and continually growing. On the one hand, the quantity of infor-
mation can overwhelm reporters and on the other hand, news reporting is further
complicated by the inherent complexities of multifaceted events that evolve over
time, as well as the biases and perspectives that different reporters and media out-
lets bring to their coverage. Despite such challenges, journalists must report on
events in a timely and ethical manner. However, there is a lack of computational
methods for analyzing massive news streams in an explainable and responsible
way. In this paper, we propose a content based news analysis framework based on
news comparison that enables modeling various analytical tasks such as analyzing
the perspectives of news publishers, monitoring the progression of news events
from various perspectives, exploring the evolution patterns of events over time
and analyzing news article variants and for uncovering underlying story-lines.
Our approach utilizes a knowledge graph to represent key concepts in the news
domain, such as events and their contextual information, across various dimen-
sions. This facilitates a multi-dimensional and comparative analysis of news arti-
cle variants. We demonstrate the practical applicability of our method through a
running example. By adopting a model-based approach, our framework offers the
flexibility needed to represent a broad spectrum of domain concepts.

Keywords: Category theory + Content analysis - Model-based framework *
Knowledge graph - Natural language processing - Computational journalism

1 Introduction

In every human community, individuals share news to keep one another informed about
significant events and developments. News plays a crucial role in this exchange of infor-
mation, and journalists are tasked with the responsibility of turning facts into engaging
and informative stories [21]. Good journalism is grounded in core ethical principles
such as trust and accuracy; independence; fairness and impartiality; humanity; and
accountability [2]. However, it is important to recognize that completely unbiased jour-
nalism is an ideal that is rarely achieved in practice [9,21]. The subjective nature of
news reporting and the presence of bias are inherent aspects of the media landscape.
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One of the key challenges for journalists is to account for these various perspectives and
present a balanced view of events, despite the subjective nature of news. A significant
challenge for journalists is to navigate these diverse perspectives and offer a balanced
portrayal of events. Journalists also need to keep track of ongoing events worldwide, and
carefully analyze their dynamics to inform their audience about the changing world. As
global media coverage grows more abundant, journalists and researchers face the chal-
lenge of distilling complex and evolving narratives from vast amounts of data. The
need to analyze event progression stems from the desire to uncover how events unfold,
identify emerging trends, and understand the dynamics and causal relationships among
different phases of an event. However, this task is complicated by the dynamic nature
of news coverage and the vast amount of information from diverse sources. A major
challenge in this process is managing and interpreting data from numerous publish-
ers, each offering unique and sometimes conflicting narratives. This need for effective
analysis extends beyond journalism to other disciplines, including sociology, history,
political science, and information science, where professionals also rely on news arti-
cles for various forms of research and insight. In this paper we present a model-based
framework that employs a diverse range of models to represent knowledge from news
articles and uses computational methods for the analysis of news events. This paper is
an extended version of our previous work [15], where the foundational concepts of a
multidimensional meta-model for news content analysis were introduced. The extended
framework integrates the following components:

— state-of-the-art natural language processing technique for parsing content from
news articles;

— a multi dimensional meta-model allowing data to be arranged into hierarchical
groups and a knowledge graph schema for structuring event related information;

— acontent comparison method based on category theory;

— alogical framework for capturing the content-based dynamic patterns of events; and

— a statistical analysis method for analyzing news article variants.

We utilize knowledge graphs to represent news events, incorporating key informa-
tion such as the source article, publication date, involved persons, involved countries.
To enhance the clarity and consistency of our representations, we also annotate news
events using IPTC (International Press Telecommunications Council) Media Topics and
store it as an important dimension. IPTC is a global standardization organization that
provides metadata standards for the news industry. The hierarchical structure of IPTC
Media Topics enables the extraction of news events across various levels of abstrac-
tion. By combining different attributes and relationships of news events along with the
domain ontology in IPTC Media Topics, the framework allows users to extract different
views of news events from a knowledge graph.

The framework integrates a computational model based on category theory which
allows us to analyze news events at a higher abstraction level, for example, to compare
and categorize events and to analyze flow of progression of events. We present novel
application areas of category theory for analyzing events stored in a knowledge graph
and how they progress.

In Sect.2, we present a method for extracting structured information about news
events from news articles using large language models (LLMs). We present a running
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example while describing the proposed method. In Sect. 3, we present our model-based
framework for content analysis. In Sect. 4, we provide a discussion about the proposed
method and provide a comparison with existing works.

2 Harvesting News Events Knowledge Graph with a Pre-trained
LLMs

Harvesting news events into a knowledge graph is an important topic that has been
investigated in several projects to support various tasks within the news domain. Opdahl
et al. [14] provide a comprehensive review on the use of semantic knowledge graphs in
news production, distribution, and consumption, highlighting their potential to integrate
heterogeneous information across the news industry. The Global Database of Events,
Language, and Tone (GDELT) is a Google-sponsored project that monitors news media
from all over the world and provides a real-time update of events in every 15 min [3].
Rospocher et al. present a method to automatically build Event-Centric Knowledge
Graphs from news articles using NLP techniques, such as Entity Linking and Seman-
tic Role Labeling [16]. Liu et al. introduce a domain-specific knowledge graph called
the “news graph” that incorporates collaborative relations between entities and topic
context information for news recommendations [13]. Berven et al. study the harvesting
of news events into a knowledge graph by presenting a knowledge graph platform for
newsrooms [5]. They propose an event detection technique that identifies potentially
newsworthy events from clusters of news items according to named entities, topics, and
location.

To structure the information about news events we propose to use a dimensional
meta-model (Fig. 1 top) which allows storing events with contexts along various dimen-
sions in a hierarchical model. The lower section of Fig.1 illustrates a knowledge
graph schema designed to structure events and their contextual information, including
the event’s location, involved countries, and entities. This knowledge graph is further
enriched with IPTC Media Topics, enabling access to hierarchical information through
the :HAS_PARENT relationships. A Neo4j graph database has been used to store news
events and their relationships with other entities. The information model is centered
around Event which also allows us to preserve the epistemic view of individual pub-
lishers. For example, if two publishers publish 2 news articles about a certain event, we
will be storing 2 instances of Event (along with their contextual information) in our
knowledge graph.

In our proposed technique, we take input from GDELT every 15 min. The input
includes web addresses to news article texts. These articles are parsed for analysis
using pre-trained large language models (LLMs). Specifically, we use GPT-3.5 Turbo
to extract information from the news articles and harvest news event related informa-
tion. LLMs have shown their effectiveness in annotating natural language text based
on predefined ontologies[20]. In our previous study we explored the effectiveness of
GPT language model in the classification of news articles in IPTC news ontology [8].
Particularly GPT 3.5 Turbo model in zero-shot setting was 82% and 61% successful
respectively in first and second level classification of news articles according to IPTC
ontology. We explored two prompting strategies namely simultaneous classification in
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Fig. 1. Dimensional meta-model (top) and Knowledge Graph Schema (bottom) for structuring
event related information.

which we provided the model with the entire ontology and tasked it with the simulta-
neous classification of a news article into one of the Level-1 categories and its corre-
sponding Level-2 subcategories, and hierarchical classification in which we initially
provided the model with Level-1 categories and requested it to classify the news article
accordingly. After determining the Level-1 category, we provided the corresponding
subcategories belonging to the chosen category and tasked the model with classifying
the news article into a specific subcategory. The experiments showed that in the hier-
archical approach some issues related to misclassification and hallucination was effec-
tively resolved or mitigated. Although by fine-tuning GPT model they can perform more
effectively, for this study we relying on their ability to annotate data according to IPTC
news codes in zero-shot setting.

Figure 2 illustrates the general structure of the prompts we have used to extract
structured information from news article texts.

The proposed method in this paper is demonstrated with a running example
which includes a knowledge graph of news events about Niger and Gabon extracted
from the news articles published by 6 media outlets (aljazeera.com, theguardian.com,
reuters.com, independent.co.uk, nytimes.com, and washingtontimes.com) from July
28" to September 2 2023. The knowledge graph consists of news events in Niger
and Gabon about two coups that took place during the above-mentioned period.

3 Model-Based Framework for Content Analysis

We propose a novel model-based framework for news content analysis that incorpo-
rates techniques for multidimensional comparative analysis. This framework enables
the examination of different perspectives on news content, capturing temporal event
patterns, and analyzing the progression of events at various levels of abstraction. It
allows the user to select an appropriate dimension and abstraction level. For instance,
a user might be interested in comparing the perspectives of different publishers over
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Simultaneous Classification Hierarchical Classification

Prompt:

Classify the {NEWS_ARTICLE} in one of
the following 17 categories, and on of its
subsequent subcategories:

1- (CATEGORY;)
{SUBCATEGORY] }
{SUBCATEGORY? }

2- {CATEGORY, }
{SUBCATEGORY} }
{SUBCATEGORY? }

3- {CATEGORY; )
{SUBCATEGORYA }
{SUBCATEGORY? }

Response:

- (CATEGORYs }
- {SUBCATEGORYZ }

Prompt:

Classify the {NEWS_ARTICLE} in one of the
following 17 categories, and on of its subsequent
subcategories:

1- {CATEGORY; }
2- {CATEGORY, }
3- {CATEGORY, }

Response:
- {CATEGORY; }

Prompt:

Classify the {NEWS_ARTICLE} in one of the
following categories, and on of its subsequent
subcategories:

1- {SUBCATEGORYZ }
2- {SUBCATEGORYZ}
3- {SUBCATEGORY: }

Response:
~ (SUBCATEGORY }

Prompt:

‘Extract the name of the event, involved person, involved countries
and the location of the event from the following news item. Write
full name while mentioning involved persons and locations. Write
only name of persons if they are known. No need to include any
unknown person. Also do not need to write the designation or
position of the persons. While returning the location, mention the
country where the event took place. If there are more values,
include all of them in comma separated format’.

Format your answer as a JSON object with the following key-
values:

{“Event”: “event-name”,

“Involved Countries”: “country-name”,
“Location of Event”: “country-name”,
“Involved-Person”: “Person-name”, } "*

Prompt:

{’Event’; "Closure of Niger’s Airspace’,
’Involved Countries’: "Niger, United Kingdom,
South Africa’,

’Location of Event’: "Niger’,

’Involved-Person’: "President Mohamed Bazoum,
General Abdourahmane Tehiani’}

Fig. 2. Prompts for extracting event related information [8,15].

News Article 1

structured
information
extraction

News Article 2

News Article n

AN

Graph pattern(s)
(includes requirement of
dimension and abstraction level)
+
Knowledge Graph
(Enriched with domain ontology)
e Sup
o ation 1 (eprese, 73,
S¥gsuaton s g s,
o %,
& o) o

o o %,
Subgraph s )
(represening S

-
==

Multi-dimensional

analysis Temporal analysis

(w.r.t. Correct abstraction
level)

Pattern

extraction Variant x

Varianty

Variant z

statistical analysis

Fig. 3. Model-based framework for multi dimensional comparative analysis of news contents.

a certain period of time or the progression of events at a certain level of abstraction.
The knowledge graph incorporates events and their contextual information across vari-
ous hierarchically organized dimensions. For instance, the I/PTC Media topic ontology
structures topic names in a hierarchy, where the highest level of abstraction (level 1)
includes 17 media topic names. This hierarchical organization allows for the selection
of dimensions and abstraction levels to extract information from the knowledge graph,
which is then used for comparative analysis. The results of this analysis are utilized to
identify patterns of variants. We propose a semi-automated approach to variant analy-
sis, involving human input to enhance the process. Figure 3 illustrates the model-based
framework which employs models for representing computational methods for the anal-
ysis of news events. Graph patterns are used to specify search criteria. We propose to
use categorial operations to perform comparative analysis over the search results (i.e.,
subgraphs). Category theory allows us to deal with abstract structures and relationships
between them. It allows us to study the news content from high levels of abstraction
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and thereby enables us to gain deeper insights into media contents. In this paper we
focus on the perspective comparison, progression of events, temporal and variant anal-
ysis. The model-based framework is adaptive to new dimensions with more contextual
information, for example numbers of casualties, sentiments, proximity, news angles,
etc.

3.1 Preliminaries

In this section, we present a brief overview of the fundamental concepts of category
theory [4] and the diagram predicate framework [19], which will aid in understanding
the subsequent discussions and analyses.

Graphs and Category Theory. A graph G denoted by G = (N, E, src%,trg%) is a
collection of nodes N, edges E and maps src®,trg® : E — N which assign a source
and a target node to each edge E. A graph homomorphism ¢ : G — H is a pair of
maps ¢y : Ng — Ny and g : Eqg — Ej that preserves the sources and targets:

srca
/_\
Eq Ng
\t’l“gy(

¢n on (1)
trgu

/_\
EH NH
~_

STCH

A category C is a structure in which the following elements participate: a set of
objects, denoted as A, B, C - - -, a set of morphisms, denoted as f, g, h, - - -, and a rela-
tion that associates to each morphism a pair of objects, which is denoted as f : A — B,
where A and B represent the domain and co-domain of the morphism f, respectively.
The composition of the morphisms is written as g o f and has two properties

1. Associativity: If f : A — B,g: B — C,and h : C — Dthen ho(gof) = (hog)of,
2. Identity: For every object X, there exists an identity morphism 1x : X — X, such
that for every morphism f: A — B,wehave lgpo f=f = foly

The category graph has graphs as objects and its morphisms are graph homomor-
phism [17,19].

In category theory, a maximal pullback object A (see Diagram 2) is a construction
that captures the common elements and relationships between objects B and C in a
category, and a minimal pushout D is the result of gluing two objects along a common
sub-object [6]:

Sy

N

S

2)

Q
—
—

Q

Q
>
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Table 1. A sample signature X1 = (IT>*, o*1) used for conflict modelling.

Name (P € IT*1)|Arity (o (P))|Semantic Interpretation ([P])

[IPTC_Topic] | E AN Je € E, (|f(e)] > 0)

[Location] E—25C Je € E, (Jg(e)| > 0)
[Person] E-"'sp Jde € E, (|h(e)] > 0)

Table 2. The atomic constraints from Table 1 and their graph homomorphisms.

Name (P € IT*1) Arity (a1 (P))§(a> (P))

[IPTC_TOPIC] | F % I Fuvent — 250, IPTC _Topic

[Location] E-25C Event — MATENEDIN Country

INVOLVED_PERSON

[Person] E-",p FEvent Person

The pullback object can be seen as a generalized intersection of two objects over
a common third object, while a pushout can be seen as a disjoint union (where the
common part is preserved) of them.

Diagram Predicate Framework (DPF). DPF [19] is a meta-modeling framework
founded on the mathematical principles of category theory and graph theory. It offers a
graphical notation for defining models and their interrelationships, making it an effec-
tive tool for representing complex systems and concepts. DPF enables the specification
of models across various levels of abstraction and facilitates the definition of struc-
ture and constraints through the use of predicates. These predicates can be applied to a
model or a segment of a model to delineate properties or conditions that the model must
fulfill.

The relationship between knowledge graphs and the DPF lies in their shared use
of graph-based representations to model complex systems and their interconnections.
Knowledge graphs map entities and their relationships using nodes and edges, but DPF
takes this a step further by introducing constraints and predicates that enforce logical
consistency. Both frameworks provide hierarchical modeling and abstraction, break-
ing down intricate concepts into manageable layers of detail. DPF’s predicates add a
semantic layer similar to ontologies in knowledge graphs, setting rules and properties
that validate the model. Moreover, with its roots in category theory, DPF can bring a
solid mathematical foundation to the expressive nature of knowledge graphs.

In DPF, a model or specification G = (S, C¢ : X)) comprises an underlying graph
S along with a set of constraints C'“, which are defined by a predicate signature X =
(IT*¥, a*). A predicate signature encompasses a collection of predicates, each of which
has a name and an arity (also referred to as a shape graph). A constraint involves a
predicate from the signature in conjunction with the sub-graph of the model’s base
graph that is impacted by the constraint. The semantics of a predicate is the set of all
graphs that satisfy the predicate denoted as [P], called its set of valid instances. Table 1
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shows three predicates defined on the model in Fig. 1. In Sect. 3.4, we will apply these
predicates to our temporal pattern analyses.

3.2 Perspective Comparison

Understanding news coverage requires more than just knowing what events occurred; it
involves analyzing how different sources report on these events. Perspective comparison
is a crucial aspect of news analysis because it uncovers the varied ways in which differ-
ent publishers interpret, emphasize, and present information about the same events.

In this section, we present a method for perspective comparison that leverages the
knowledge graph to analyze how various publishers report on events. In our proposed
method, we compare the perspectives across various dimensions of these events. For
instance, we examine the types of events that were reported by different publishers dur-
ing a specific time period while they were covering a particular event and its subsequent
development.

To effectively compare the perspectives of different publishers on the same news
events, we propose leveraging category theory operations, particularly pullbacks and
commutative diagrams. This approach enables a structured and formal analysis of how
different sources report on the same events and helps identify commonalities and differ-
ences in their reporting. Figure 4 gives an overview of the proposed method for perspec-
tive analysis. All news article-related information is represented as a graph database,
denoted as I. It contains comprehensive information about news events, including
details such as event locations, event types, and involved countries and individuals.

To compare the perspectives of different publishers, we represent their individual
reports as subgraphs of I. Specifically, 57 and S5 in the figure represent the reports
from two different publishers. These subgraphs can be computed by querying the graph
database using Cypher queries [1], which extract fragments of the graph that correspond
to the local perspectives of the publishers. For example, if we are interested in compar-
ing how two publishers cover the same event, we can extract subgraphs that contain the
media topics and event details reported by each publisher. The objective is to analyze
the extent to which the media topics used by the two publishers align or differ in their
coverage of specific events.

The pullback object C' in Fig.4 which is computed from the following two mor-
phisms: S; =% T and Sy —25 T is central to our method for perspective comparison.
It captures the information about the events from the perspectives of both S7 and Ss.
From the pullback object, we can figure out the perspectives of different publishers as
shown in Fig. 4 by object D1 and Ds.

Here the proposed method is illustrated through a running example. The focus is on
computing and comparing the perspectives of two publishers regarding their news sto-
ries covering events in Niger from July 28th to September 2nd. While the pullback
object can be computed programmatically using general-purpose programming lan-
guages (e.g., Python with the Neo4;j library), this paper demonstrates how a Cypher
query can be employed to perform this computation. Cypher queries are utilized to
extract relevant data from the Neo4j graph database. Cypher, a query language for
graph databases, allows queries to be expressed as graph patterns involving variables.
These queries retrieve specific subgraphs from the entire graph database that represent
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S1 X1
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//
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Fig. 4. Pullback object (C) computes the commonality between S; and S2; Dy and D2 objects
are used to compute the dissimilarities between S and S> [15].

Cypher query for getting pullback of s, and s;:

match (el:Event)-[r1]->(al:Article)

match (el:Event)-[r2:HAPPENED_IN]-> (loc:Location)
match (el:Event)-[r3]->(t1:IPTC_Media_Topic)

where locl.name = “Niger" and al.publisher =

Cypher query 1:

match (el:Event)-[r1]->(al:Article) . B
match (el:Event)-[r2:HAPPENED_IN]-> (locl:Location) 4 RlzSs e ce
match (el:Event)-[r3]->(t1:IPTC_Media_Topic)
where locl.name = “Niger" and al.publisher =
"aljazeera.com"”

return ti;

match (e2:Event)-[ra]->(a2:Article)
match (2:Event)-[r5:HAPPENED_IN]->(loc2:Location)

match (2:Event)-[r6]->(t2:IPTC_Media_Topic)

where loc2.name = "Niger" and a2.publisher = "nytimes.com"

and t1=t2

return t1;

Cypher query 2:

match (e2:Event)-[r1]->(a2:Article) \
match (e2:Event)-[r2:HAPPENED_IN]->(loc2:Location) “miltary | "coup
match (e2:Event)-[r3]->(t2:IPTC_Media_Topic) y "“f‘)
where loc2.name = "Niger" and a2 publisher =

“nytimes.com" S2
return t2;

Fig. 5. Computing pullback with Cypher query [15].

the news stories covered by the two publishers. Specifically, Fig. 5 presents a Cypher
query that combines two separate queries to compute the pullback object of the two
subgraphs extracted from the graph database. To ensure that the diagram commutes, the
condition ¢t1 = ¢2 is specified in the query. Since the two subgraphs S; and S5 include
only nodes of type I PT'C_MediaT opic, we include I PTC_MediaT opic nodes in
the result pullback object. Figure 5 shows a cypher query expression to compute the
pullback object of S; — I and S; — I. The perspectives of the publishers are com-
puted from the difference of the subgraphs S; and S5 with the pullback object. Here we
have demonstrated the perspective analysis with respect to /PTC media topics but the
other dimensions can also be used for perspective analysis.

3.3 Analyzing the Progression of Events

Analyzing the progression of events is a crucial task in computational journalism, essen-
tial for understanding how news stories develop and change over time. As global media
coverage grows more abundant, journalists and researchers face the challenge of dis-
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tilling complex and evolving narratives from vast amounts of data. The need to ana-
lyze event progression stems from the desire to uncover how events unfold, identify
emerging trends, and understand the dynamics and causal relationships among differ-
ent phases of an event. However, this task is complicated by the dynamic nature of
news coverage and the vast amount of information from diverse sources. A major chal-
lenge in this process is managing and interpreting data from numerous publishers, each
offering unique and sometimes conflicting narratives. There is a lack of tool support in
computational journalism to systematically record events and analyze their progression
to extract meaningful insights. We propose (1) to use features such as names, locations
and IPTC topics to group news articles covering stories about closely related topics
and, then, (2) to use category theory to analyze the progression of events by means of
analyzing contents in news articles. We reuse the concept presented in Fig. 4 where we
adapt S; and Sy with a selection of events capturing situations from timez; — timey
and timezs — timeyo respectively. From S; and S» we systematically compare the
evolution of events from time,1 — timey to time,o — timeys. For example, S; and
So may represent the /PTC media topics being used to cover the news events about
Niger from July 31 to August 6 and from August 7 to August 13, respectively. From
these subgraphs, we compute the emerging /PTC media topics in the reports published
during August 7 to August 13. This comparative analysis allows journalists to get an
overview of the progression of events.

Nigerag.or—30.07 X1
\kll
D,
n
//

PB1 Cy +——/—— D2

E!kgT
% :

+—————————— Niger: -
I ma Nigersi.07-06.08

\

n3

my

X3

3!k3l

m3 PB2 Cy ¢&—/—— D3

\ /
.
P Dy
(& k,,1T
Xy

Nigeror.os—13.08

Fig. 6. Capturing the progression of events with pullback operation [15].

The progression of events can be represented as a transformation of /PTC media
topics being covered by the publishers. Let us consider that in Fig. 6, Nigerss.o7—30.07
, Nigersi.o7—o06.0s and Nigergr.os—13.08 are representing the /PTC media topics being
used to cover the news events in Niger for periods July 28 to July 30, July 31 to August
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Fig. 7. Comparison of progression of events [15].

6 and August 7 to August 13 respectively. The pullback object C; and C' represents
the commonality of the events (with respect to IPTC media topics) in Nigerag 07—30.075
Nigersi.o7—o6.08 and Nigersy.o7—o6.08, INLgeTro7.08—13.08 respectively. The object D
would capture the media topics being removed from the reporting during July 31 to
August 6; Do would capture the media topics being newly added during July 31 to
August 6. Similarly, D3 would capture the media topics being removed from the report-
ing during August 7 to August 13 and D4 would capture the media topics being added
during August 7 to August 13.

Similar categorical operations can be employed to analyze the progression of events
across two different countries. For instance, consider the task of analyzing the weekly
progression of events in Niger and Gabon since the start of coups in these two coun-
tries. Figure 7 illustrates a computational model for such analysis. The pullback object
C4p1 captures the commonality in the progression of events between the two countries
Country — A and Country — B, where Country — A1 and Country — By, repre-
sent contextual information of events (such as IPTC media topics or involved countries
or individuals) reported in the first week. For brevity we did not show C'4 g2 (pullback
object between Country — A, and Country — B,2) in the diagram. By examining
the pullback objects C'ap1, Cap2, Caps, and so forth, common patterns in the event
progression between the two countries can be identified.

Figure 8 illustrates a computation model for the comparison of progression of events
at a higher level of abstraction. ay, ais, 31, G2 represents contextual information of
events specified at a certain abstraction level j; In our running example we only have
a hierarchical data model for /PTC Media topics, therefore, all the /PTC Media topics
in oy, s, (1, B are at level j in the IPTC Media topic ontology. o}, o, 51', 32 rep-
resents contextual information of events specified at a higher level of abstraction. The
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Fig. 8. Comparison of progression of events at a higher level of abstraction [15].

pullback objects C,3; (Where ¢ = 1,2) in the bottom layer represent the commonality
of the progression of events. The arrows between layers represent graph homomor-
phisms between corresponding elements from lower to higher levels of abstraction in
the knowledge graph I.

Theorem: For any non-empty pullback object C,3; (Where ¢ = 1,2) at level j, the
corresponding pullback objects C?, i atlevel £ < j is non-empty.

Proof Sketch: Consider a non-empty pullback object Cg; (Where ¢ = 1, 2) at level j;
this would require at least one element n, € «; and one element n, € (3; where n,,
and n; are mapped to the same element in the knowledge graph. If n/, (with level k) is
a parent of n,, and nj, (with level k) is a parent of ny, then n/, and n; must also map
to the same element in the knowledge graph. The pullback objects C/, i should at least
contain an element that maps to n, and n;, and therefore cannot be empty.

3.4 Temporal Analysis

The temporal aspect of events in journalism is crucial as events are continuously evolv-
ing. Journalistic events are often interconnected, with causal relationships influencing
their progression. For instance, a political crisis can increase the likelihood of subse-
quent armed conflict. Additionally, events can evolve over time, involving new enti-
ties such as international organizations or humanitarian groups in ongoing conflicts or
crises. Therefore, capturing the temporal dynamics of events provides valuable insights
for journalists.

Linear Temporal Logic (LTL) offers a framework to capture these temporal aspects.
‘We propose enhancing LTL in two ways. First, we incorporate the concept of duration,
building on our previous work [7]. Second, we integrate the Diagram Predicate Frame-
work (DPF) and category theory into our LTL definition, thereby enabling a richer rep-
resentation of the temporal and structural properties of events.

Linear temporal logic (LTL) [10] is a modal temporal logic with modalities refer-
ring to (temporal) order of events. We propose LT Lpgp (Dynamic Graph Patterns)
that models the temporal aspects of the events in our news framework incorporating
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category theoretical concepts. A well-formed LT L pap formula with time, ¢, is there-
fore recursively defined by the BNF formula below:

¢=T|LIU[-0|oNS|OVS]
O(Time]nterval) (b ‘ O(Timelnterval) QS |

D(Time[nterval) ¢ | ¢ U(Time]nterval) ¢
U := Pn= Atom

where P denotes an arbitrary predicate listed in Table 1. Table 2 illustrates how these
predicates are mapped to the underlying model. We borrow the notation P.n from the
object oriented programming in order to refer to a node n from the extracted portion of
a graph based on the predicate P.

Timelnterval == < Time| < Time |

> Time | > Time | = Time
Time := INT second | INT minute | INT hour | INT days |
INT week | INT month | INT year | Time and Time

We also define the time difference between event instances:

diﬁTime((Siami)a (Si+1ami+1)) =
InstanceTime(S; 1, mi+1) — InstanceTime((S;, m;)

3)

where InstanceTime(z) is a function that returns the time associated with event
instance .

Definition 1. Given a formula ¢, and an arbitrary path 7 = ((51, mq), (S2,ma),
(S5,ms3) ... ) T encompasses a sequence of all reports on an arbitrary event E. Each
S; along with its corresponding graph morphism m;, represents an instance of the
schema shown in Fig. 1 at time i. The satisfaction relation |= is defined as follows:

e TET

o L

o 7 = U ifffor P € II**, m} € [P] the following diagram commutes, and O}.n =
Atom:

P27

07 —— 51
T iffT E ¢
TE A iffT = ¢ and T = ¢o
TEOMVeIfTE¢Lorm = ¢
T ¢1 — ¢o iff T | ¢ whenever w = ¢y
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o O-O0-O0-0O00-

< 1week

——
O(<1 week) ¢ ’ e . . .

< 1week

0(slweek)¢ . . @ . . vee

< 1week
Oerweand (O—(D)—~()——O
< 1week

@1 U1 week) P2 @ @ @ @ .

Fig. 9. Example of paths with events and time intervals [7].

e T ': O(Time[nterval) ¢ iffﬂ-Q ': ¢ and diﬁTime(Sl’SZ) complies with

Timelnterval

e T ': D(Timelnterval) d) i]ffor all i > 177Ti ': ¢ and diﬁTime(Sl’Si) Complies
with Timelnterval

o T O(Timelnterval) ¢ iff; there is some i > 1 such that for j < i, 7l = ¢, and
diff ime(S1, Si) complies with TimelInterval

o T F ¢1 Uimelnterval) P2 iffs there is some i > 1 such that 7t = ¢o and
forall j = 1,2,..0i — 1 we have ™ = ¢1 and diff 1;,,0(S1,Si) complies with
Timelnterval.

Figure 9 visualizes the semantics of some operations of our proposed temporal
logic. The enhanced expressiveness of LT Lpgp empowers us to formulate a diverse
range of formulas, allowing for the identification of patterns of interest within the event
paths. In the following few example are presented.

— “Eventually, in less than 4d, there will be an event where an armed conflict
(IPTC=20000056) occurs involving protesters.” In simpler terms, this formula
asserts that within the time interval of 4 days or more, there should be an occurrence
of an event classified under the /PTC media topic “armed conflict” and involving
“protesters”. Figure 10a shows an event-set that is satisfied by this formula. The
gray area represents the 4 day time interval.

O(> 4 days) (([TPTC].TPTC_Topic = ”20000056”)

A ([Person].Person =" Protesters”))

4)

— “Always, in the next 8-day interval, if political dissent (IPTC=20000648) occurs
at a specific point of time, then political process (IPTC=20000649) must occur.”
In other words, this formula asserts that within an interval of 8 days , if there is
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an event classified under the /PTC media topic 20000648, it must be followed (or
accompanied) by an event classified under the /PTC media topic (IPTC=20000649).
Figure 10b shows an event-set that is satisfied by this formula.

O(> 8 days) (([TPTCT.IPTC_Topic = ”20000648" )

. b ” (5)
— ([IPTC].IPTC_Topic = "20000649"))

— “If at any time we encounter a political crisis IPTC=20000647), then it should even-
tually be followed by an armed conflict within a duration of six days.” The formula is
a conjunction of 2 terms, The first term in the conjunction ensures that at some point
in the future, a political crisis must be reported. This term uses the diamond oper-
ator to assert the eventual occurrence of the event, making it a necessary condition
for the subsequent implications to be meaningful. This prevents the formula from
holding vacuously by ensuring that the condition of a political crisis being reported
is an unavoidable event. The second term in the conjunction specifies the temporal
relationship that must hold once a political crisis occurs. The box operator indicates
that the enclosed condition must always hold true for every instance of time follow-
ing the initial event. Specifically, it states that whenever a political crisis is reported,
it must always be followed by an armed conflict within the next six days. The gray
area represents the 4 day time interval.

(O(> 0 seconds) ([IPTC1.IPTC_Topic = "20000647")) A
(0> 0 seconds) ([ IPTC1.IPTC_Topic = ”20000647" — (6)
O(< 6 days) ([IPTC].IPTC_Topic = "20000056")))

— “If at any point in the future a political crisis is reported in Myanmar, then within
the following 6 days, there must be a report involving Government.” This formula
asserts that if there is an event located in Myanmar and it is classified under the IPTC
media topic 20000647, then within the next 6 days, there must be an event involving
the government.

O(> 0seconds)(( [Location].Location =" Myanmar” A
[IPTC].IPTC_MediaT opics = ”20000647") — @)

O(< 6 days)([Person].Person =" Government”))

3.5 Variant Analysis

In this section, we introduce a technique for variant analysis based on the computation
results from Sect. 3. We apply statistical methods to detect variations in news articles.
Section 3.3 detailed techniques for retrieving data from a knowledge graph across var-
ious dimensions and abstraction levels. We use this data selection process to identify
variants by applying statistical methods. Here, we present Exploratory Data Analysis
(EDA) for identifying trends in time and space, which serves as the foundation for our
variant analysis.
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(d) A sample event path satisfied by Pattern 6.

Fig. 10. Timeline Visualization of Event Sequences Satisfying LT L pgp Formulas.

To identify trends in reporting across different topics, a dimension and an abstrac-
tion level are first selected, and relevant data is then extracted from the knowledge
graph. For instance, to analyze trends in the reporting of civil unrest in Niger from
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August 1 to August 20, 2023, events corresponding to the civil unrest topic in the IPTC
Media topic ontology are retrieved from the knowledge graph. The extracted data is
subsequently used for statistical analysis, such as frequency distribution, and for visu-
alizing trends over time using a timeline. Through the visualization of these events on a
timeline, patterns of reporting by different publishers are illustrated, and the reporting
activity throughout the specified period is tracked.

Figure 11 highlights the duration of engagement of individual publishers
(aljazeera.com, theguardian.com, reuters.com, independent.co.uk, nytimes.com, wash-
ingtontimes.com, and cnn.com) in reporting about civil unrest in Niger. In the figure, the
background represents the co-limit, which is a categorical representation of the union
of all events reported by these publishers on the topic of civil unrest in Niger. From
this figure, various aspects of the news coverage can be analyzed, such as the identifi-
cation of similarities between publishers. For example, it may be observed that Inde-
pendent.co.uk and WashingtonTimes.com display similar reporting patterns during the
period of civil unrest in Niger. Such similarities may reveal insights into the approaches
of different publishers to the same topic. Beyond the comparison of reporting patterns
for a specific topic, the proposed method can be adapted to explore other dimensions
of the news dataset. For instance, trends related to the involvement of specific coun-
tries in conflicts can be identified by retrieving and analyzing data on different types of
conflicts involving various countries. We leverage ontological hierarchies to ensure that
we extract events at the appropriate level of abstraction. For example, using the IPTC
Media topic ontology, we can gather data on coups in African nations and identify com-
mon trends in how foreign countries are involved in these events.

4 Discussion and Future Work

In this paper, we have introduced a model-based framework for content analysis in
computational journalism. By leveraging knowledge graphs and category theory, our
approach enables detailed comparative and temporal analysis of news content across
various dimensions and abstraction levels.

In the landscape of news content analysis, various systems such as GDELT [12]
have been developed for identifying and organizing news events from vast data streams
in structured formats. While GDELT efficiently aggregates and quantitatively analyzes
vast volumes of news data, a new approach is needed to enable researchers to dive
deeper into individual news events, one which also holds the potential to promote trans-
parency and accountability in news analysis in order to foster more responsible journal-
ism practices.

Our framework for content analysis introduces a novel approach that goes beyond
traditional text mining and semantic technologies [11], [18]. In this paper, our primary
focus has been on the analysis of various reports pertaining to a specific event, par-
ticularly in terms of perspectives. One can furthermore include the intricacies of opin-
ions, reporting angles, tones, and the framing of articles, enriching our understanding
of news narratives. We also presented a logical framework that leverages Linear Tem-
poral Logic (LTL) in the context of knowledge graphs to capture and analyze temporal
patterns within news storylines. By formulating formulas, we can represent and query
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01.08 20.08

aljazeera.com's coverage

theguardian.com's coverage

reuters.com's coverage

Independent.co.uk's coverage

nytimes.com's coverage

washingtontimes.com's coverage

cnn.com's coverage about 'civil unrest'

Fig. 11. Timeframe showing the engagement of news publishers in reporting about civil unrest in
Niger [15].

various temporal aspects of event progression. Additionally, we have employed a sys-
tematic approach to track the evolution and progression of these events over time which
provides insights into how events unfold and transform over time.

While we have presented an analysis technique using category theory, there is much
more to explore and develop in this field. We believe that the integration of generative
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Al and category theory can contribute to the evolution of journalism in the digital age,
fostering transparency, accountability, and enriched news content for both journalists
and readers. Particularly, our approach has the capacity to assist in tasks that involve
the comparison of news items. For instance, it can be particularly useful in multilin-
gual news comparison, where it can facilitate cross-cultural analysis of news events by
overcoming language barriers. It can also be utilized in fact checking and verification,
aiding in the assessment of news source credibility. Additionally, it is well-suited for
bias and framing analysis, enabling the exploration of different perspectives presented
in the media. By addressing these future directions, we hope to enhance the capabilities
of the news analysis frameworks and contribute to the advancement of media studies.

Acknowledgement. This research is funded by SFI MediaFutures partners and the Research
Council of Norway (grant number 309339).
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