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Abstract

News analytics has traditionally been dominated by financial market prediction; however, its applica-
tion across broader societal domains is vast and fragmented. This paper presents a comprehensive 
survey and a novel taxonomy of non-market news analytics research. By analyzing 309 research 
entries through an iterative open-coding process and aligning them with DDC and IPTC standards, 
we identify 25 distinct research categories including public health, civil unrest, and environmental 
sustainability. This work provides a structural baseline for understanding how automated news 
analysis serves as a computational tool for social good.

Keywords: news analytics; text mining; taxonomy; computing for social good; information extraction; 
survey

1. Introduction
News can be considered a snapshot of a representative portion of a society at a certain period of

time. Historical and current news therefore has been of interest to researchers across wide-ranging
fields. Some understudy how the society, or a segment of it is depicted in the media, others are
interested in the perception of the society about one thing or the other, and some others are interested
in deriving valuable insights about the society as reported in a news collection. Notable research areas
with interests similar to the ones mentioned are content analysis[1,2] and news analytics[3] research.
This survey targets news analytics.

We highlight a distinction in news analytics research. Our observation, which serves as motivation
for this work, is that a distinct and popular stream of research is present in news analytics - that of
financial news analytics. We refer to that stream as "news analytics for the markets". The primary
concern of financial news analytics is predicting prices or price movements of financial products
based on the tone of news reports about companies, their performance and situations among other
considerations. The prediction is not limited to company stocks only but also to commodities, oil
futures etc. The interest, visibility and high count of research works directed at the markets has resulted
in bibliographies, surveys, and books devoted to the topic.

Despite the picture painted by the visibility and abundance of financial news analytics works,
several other news analytics applications exist, as a substantial body of literature shows, with those
applications targeting diverse spheres of the society. The question which other news analytics research
domains exist?’ prompted this work.

2. Methodology
In this work, we consider news of the electronic type, published by a recognized newspaper with

editorial guidelines, rather than citizen-published such as on blogs and social media. We included
works based on data derived from news articles e.g. titles, and those utilizing comments about the
contents of the news article; in short, the research work must ingest news or a part of the news as data.
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We categorize works by considering the motivation, purpose or objective of the work, as well as
the results and outputs of the analytics system. If there is a keyword list in the article, we consider the
keywords to determine the overall theme and the category of the work. While some themes such as
health can be identified in a straightforward manner, some others are not easily labeled. The entire
work determines whether or not a work is added to a theme, and not the specific approaches and
techniques used (methodology). The center of the entire work must be news-related.

As expressed by the title of our article, we exclude all research aimed at the markets stock markets
and financial markets. Excluding market-focused work does not preclude business and economics
from featuring on our taxonomy as there are other applications of news analytics in business aside
from predicting the markets. A category is formed if at least one news analytics work is found in
a different domain than previous works. The domain must be a major human activity or interest
otherwise the work is categorized as “Others”. An article may belong to more than one category.
Where this is the case, we simply add an additional entry for such in the secondary theme.

2.1. Literature Search

The primary tool used for discovering the works examined was Google Scholar (https://scholar.
google.com/). Searches were majorly conducted between December 2018 and February 2020. Articles
authored in English language were considered and examined.

The set of queries to the academic search engine, which formed the bulk of the literature search are
listed in Table 1. For each of these queries, the first 500 results were examined. The queries in Table 2
form the secondary set of queries. For those queries, we examined at least the first 100 results. In a limited
number of instances, we explored the references in discovered articles to find other relevant works.

We chose Google Scholar as it is one of the largest, open, academic search engines for scholarly
work discovery. The assumption is that a lot of researchers carrying out literature search are likely
going to include Google Scholar or the Google search engine in their search strategy due to the fact
that no subscription or registration is needed before Google Scholar could be used and because it
is integrated with the most popular Internet search system. Could this decision to use a single tool
limit the works discovered? Maybe. However, previous empirical studies showed a good coverage by
Google Scholar while comparing it with other scholarly databases [4,5].

The literature search did not discriminate against any form of scholarly work since our objec-
tive was to discover the breadth of news analytics in academic research. We considered thesis and
dissertations as long as they matched the inclusion criteria.

Table 1. Search queries used as the major query in the literature search

Main Search Queries
"News analytics" -finance
"Text analytics"
"Analyzing news" or "Analyzing news"
Text mining and news

Table 2. Search queries used as the supporting query in the literature search process

Supporting Search Queries
News analytics
News analysis
Analyzing news

2.1.1. Search Method

From the over 3000 results obtained in the literature search, we first make a pre-selection based
on the titles and search result snippets. This selection is to eliminate those articles where the titles
and snippets clearly show they do not meet with the criteria for inclusion. We proceeded to carry
out a critical examination of the abstracts of 780 articles selected from whittling the results from the
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literature search. Articles whose abstracts show a discernible purpose matching the inclusion criteria
are selected. For other articles, we examined the methodology and the full text of the paper to have a
clearer understanding of whether the article satisfies our inclusion criteria. At the end of this process,
we gathered articles that could be categorized as non-market news analytics research; the result is 309
entries in total over 25 categories.

2.1.2. Purpose of this Research

Our aim is to explore the knowledge domains and aspects of the society that news analytics has
covered, present representative works to increase the visibility of the non-markets news analytics
segment, and attempt to show the frontiers of news analytics applications that are exposed within the
scope of our literature search.

2.1.3. Criteria for inclusion

Certain basic conditions were used to determine inclusion of a research work in this survey.

• Firstly, some algorithmic processes of computation must be involved in the methodology of the
research work.

• Does the research solve a news analytics problem as an end or is a means to an end? The news
analytics must not be part of the "method" or a component in the overall work. Rather the news
analytics should be the aim or objective of the overall work.

• The processes must manipulate a news dataset or a news-derived dataset.
• The work should include key processes that are common in text mining such as those mentioned

in [6,7], and those used in news analytics tasks[3]. Therefore, we are concerned with analytics via
an automated process executed by a non-human computing agent.

2.1.4. Literature Search Limitations

Despite ensuring sufficient depth when using Google Scholar, our literature search is not in any
way considered as exhaustive or conclusive.

2.2. Categorization

Determining categories for each considered article is straightforward in some cases, and in
substantial cases it is challenging.

We opt for utilizing as many categories as possible and allow placing an article into more than one
category. This safeguards against forcing an article into a category. It also serves for articles reporting
research that are clearly intended or designed to achieve more than one objective.

Rubrics used for determining which category to place a work is as follows.

• What knowledge domain is the result of the research in? If the output of the research is predictive,
the predicted information may be classified into one domain (category) or the other.

• Is the dataset general or domain-specific? In some cases, the dataset used is from news of a
specific category. This observation is helpful in categorizing such research.

• Are there keywords in the article? In most of the papers we discovered an absence of a keyword
list. The titles, and abstracts of the articles however could mention keywords that define which
category a research fits.

• It may be possible for a research to fit more than a category. For example, an exploratory infor-
mation system for health-related events would simply be grouped in the health and information
presentation categories.

2.2.1. Coding Guidelines

We adopted open coding [8], one author assigned articles to categories until no new categories
were needed. During the coding, new categories were added and when necessary merged into larger
categories. Iterating qualitative coding, by adding and collapsing categories offers improvement in the
quality of the categories [9].
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In addition to the open coding technique, we use category labels drawn from the vocabulary of
two notable classification systems from different domains (Section 2.2.2). There are over 3000 categories
and subcategories in all from the DDC and IPTC combined, this grants a perfect range of labels to
choose from.

2.2.2. Naming the Categories: Library Categorization List + News Categorization List

In order to assign names to categories, we utilize knowledge classification systems used in library
organization combining it with classification systems for news organization. Utilizing both is because
the scope and objective of news research varies, ranging between knowledge in academic and social
domains; we are therefore able to find headings for our categories from either of the classification
systems. Our category labels are obtained from a mix of the DDC and IPTC vocabulary.

The Dewey Decimal Classification (DDC) [10] was developed to be ideal as a general knowledge
organization tool and is used in library organization. The IPTC subject codes was designed to
standardize all news content classification. It is focused on text and consists of 1,400 terms structured
into three levels.

When the coder decides on a category, she consults the International Press Telecommunications
Council (IPTC) subject codes first, if there is a category or subcategory with that label, then that
category becomes the label. If it does not exist in the IPTC, the Dewey Decimal Classification (DDC) is
checked. The IPTC subject category is standardized for classifying news articles. Certain articles are
not social-oriented and so may not have a matching IPTC category entry. In that case, the DDC is a
general knowledge organization tool that provides an alternative.

Table 3. Count of works by category

SN Category Publications
1. Crime 18
2. Unrest/protest 25
3. Politics 24
4. Healthcare 24
5. Business/Economy (excluding the markets) 24
6. Future prediction/Forecasting (e.g. predicting future events) 8
7. Historical happenings and history 3
8. Public perception 3
9. Armed conflicts/violence 6
10. Terrorism 8
11. Disasters/Risks 13
12. Environment/Sustainability 10
13. Information exploration and Visualization 34
14. Technology 2

15.

Journalistic, linguistic, analysis of news senses. The interests include the comparison of
news coverage across news outlets or comparison of news coverage across countries,
analysis of bias etc. (The research target in this category is to examine beyond the news
topic itself to "making" or production of the news)

20

16. Notoriety e.g. hate speech 2
17. Gender issues 2
18. Gambling 1
19. Migration 7
20. Sports 1

21. Societal/government. This category examines issues across different societies including
government actions 16

22. Emerging and interesting entities. This is not Named Entity Recognition (NER) but
rather the identification or discovery of important and notable events in the news 22

23. Negotiation 1
24. Education, science and technology 3
25. Miscellaneous applications 21
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2.3. Categories

We proceed to present the categories discovered from the selected news analytics works. We
explain those category headings that may not be clear or that are ambiguous using one of the articles
in that category. The categories are presented in the following list; the position of a category in the list
is insignificant.

1. Crime
2. Unrest/protest
3. Politics
4. Healthcare
5. Business/Economy (excluding the markets)
6. Future prediction/Forecasting (e.g. predicting future events)
7. Historical happenings and history
8. Public perception
9. Armed conflicts/violence
10. Terrorism
11. Disasters/Risks
12. Environment/Sustainability
13. Information exploration and Visualization
14. Technology
15. Journalistic, linguistic, analysis of news senses. The interests include the comparison of news

coverage across news outlets or comparison of news coverage across countries, analysis of bias
etc. (The research target in this category is to examine beyond the news topic itself to "making" or
production of the news).

16. Notoriety e.g. hate speech
17. Gender issues
18. Gambling
19. Migration
20. Sports
21. Societal/government. This category examines issues across different societies including govern-

ment actions.
22. Emerging and interesting entities. This is not Named Entity Recognition (NER) but rather the

identification or discovery of important and notable events in the news.
23. Negotiation
24. Education, science and technology
25. Miscellaneous applications

3. News Analytics and Text Analytics: The Applications, Techniques, and State of
the Art in Brief

"Analytics is the discipline of applying mathematical sciences to data for the purpose of making
better decisions. Analytics serves to convert the increasing amounts of data into actionable information"
[11]. Analytics is the process of analysis of data that is done logically and aided by sciences (e.g.
mathematical and statistical sciences, Computer Science). Analytics can be descriptive, diagnostic,
predictive or prescriptive[12].

The analysis of text content in emails, blogs, tweets and other forms of textual communication
constitutes what we call text analytics. Text analytics has also been called text mining. Text analytics is
an extension of data mining that tries to find textual patterns from large non-structured sources as
opposed to data stored in relational databases.

Analytics involves the use of computational approaches, mathematics, and statistics to process
data in order to extract fine information or insights which can form the basis of decisions and actions.
The analytics process often works on a large collection of data, for example a corpus of news articles
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comprising news from several decades, and produces insight that is easily grasped in return. The
application of analytics on news content data can be regarded as news analytics.

Das opined multiple levels at which news analytics could occur; “We may think of news analytics
at three levels: text, content, and context. Text-based applications exploit the visceral components
of news i.e. words, phrases, document titles, etc. The main role of analytics is to convert text into
information. This is done by signing text, classifying it, or summarizing it. A third layer of news
analytics is based on context. Context refers to relationship between information items. Google
Pagerank algorithm is a classic example of analytic that functions at all three levels. The algorithm has
many features, some of which relate directly to text. Other parts of the algorithm relate to content, and
the kernel of the algorithm is based on context, i.e, the importance of a page in a search set depends
on how many other highly ranked pages point to it. Indeed search is the most widely used news
analytics”[3] .

They went further to define news analytics. "The term ’news analytics’ covers the set of formulas,
and statistics that are used to summarize and classify public sources of information. News analytics is
a broad field, encompassing and related to information retrieval, machine learning, statistical learning
theory, network theory, and collaborative filtering"[3] .

Text mining is a set of procedures and operations applied on textual content which is unstructured
in nature, with the objective of determining the presence or absence of patterns that may assist in
arriving at a desired conclusion or provide new information. Text mining is applied on written text in
electronic form such as emails, blog posts, web pages, social media posts, tweets, company reports
and documents, textbooks, and scientific publications. However, text mining is not limited to textual
communication alone; content having the same format as written text such as DNA data has also been
analyzed using text mining techniques.

Some authors are of the opinion that text mining is the same as text analytics thereby using
the two interchangeably, while some have a different view. Authors, including Kent say there is a
distinction. In their opinion, text mining considers text as words and extracts the count of words in a
document, the type of those words, and the number of kinds of words within kinds of documents (the
document collection). Analytics on the other hand extracts quality information from unstructured data
in order to distill meaning. It goes beyond counting words to extracting meaning and offering some
context to that meaning[13] .

3.0.1. News Analytics System Framework
We use the diagram in Figure 1 to give a concise description of a news analytics system.

• A1 is a single document source, and A2 a multi-document source.
• B is a set of operations that manipulate or process electronic text from A1 or A2 on an application

(use-case) basis.
• C is a set of data derived from A1 or A2, and in a form that can be processed or analyzed by

subsequent computational processes.
• D is a set of algorithms or operations designed to mainly mine data or obtain insights.
• E is the result of the analytics process; information, or insights.
• F is a visualization process.
• G is a process which ingests the results of the analytics.
• ϕ is external data which may be utilized by the analytics system as a domain knowledge source.

B is the commonly referred to “preprocessing step” in text mining systems. D is the major analytics
stage, and the specific algorithms or processes found at this stage are application- or domain-dependent.
A good coverage of what common problems are tackled at this stage, the algorithms which are
commonly used, and details of news analytics processes in general can be found in [6,14,15].

Text mining, with some data mining, is practically what news analytics systems apply; therefore
any good resource on text mining would likely contain details of what operations may be carried out
in the stages identified in Figure 1.
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Figure 1. Architecture (flowchart) of a typical news analytics system

Another major stage that can be found in a certain category of news analytics systems is the
visualization stage (Stage E). In some applications, the visualization stage (Stage E) may replace the
main analytics process stage (Stage D), thereby becoming the main analytics process that is present in
the system. Section 4.13 is devoted to news analytics works that are visualization-based.

4. Non-Markets News Analytics
We proceed to present non-markets news analytics in detail. The works presented in each of

the following categories are arranged in chronological order from the oldest to the newest. The
arrangement is only according to the year of publication and not fine-grained to the month or day of
publishing; therefore within our presentation, it may be possible to find a work published earlier in a
year showing after a later publication. Where there are multiple literature devoted to the same work
with some arising at a later time, we simply cite them as a set with the first mention of the work in the
category they belong to.

4.1. Civil Unrest, Protests, and Strikes

News mining might have predicted a political uprising such as the Arab Spring, as was found
out by a retrospective study of the ‘tone’ of the news in Egypt, Libya, and Tunisia over several
years[16]. The utilization of news mining to infer political rifts is not uncommon, rather it is a key
goal of computational social science and culturnomics[17]. The predictive nature of social media news
in highlighting the causes and evolution of civil unrest was discussed in [18]. From analyzing the
GDELT dataset [17] reported that political instabilities with global impact such as the Arab Spring are
associated with breakdown or enhancement of long-range correlations in political events. Their work
provides a way for researchers to observe important news events. In the case of political crisis at a
national level, [19] mined political crisis signature from GDELT data and used it to forecast political
crises. A different approach to forecasting protests was proposed in [20] which was based on dynamic
content search followed by extraction of future temporal references from content found from news and
social media data. This system was tested for 10 countries in Latin America and was able to capture
unrest with a lead time of about four days.

The EMBERS system[21] operates on a similar scope as [20]; EMBERS is a major project born
from an industry-university partnership. EMBERS undertakes continuous monitoring of media and
forecasting of social unrest across Latin America. It is also capable of informing on other events aside
from civil unrest events. Data from a range of sources such as Twitter, news and blog feeds, and
alerts from Healthmap are some of the many data sources EMBERS mine. The project utilizes various
methodologies in the acquisition of data, processing of the data, mining and presentation of insight
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from its processes including diverse functionalities can be found in the series of literature on this
project[22–33].

Discriminating patterns for detecting and extracting occupy movement protests from GDELT
data were examined in[34]. The PALOMAR system [35], a computational journalism tool, mines a
collection of public and private datasets to allow journalists to track interesting events including protest
events. Automated detection and extraction of security-related events including political violence
and social unrest was considered in [36] for the purpose of creating a corpus of such events. The
Carbon system[37] which was built to forecast civil unrest for Australia and a number of Asia-Pacific
countries addressed some shortcomings of EMBERS as regards coverage, access or licensing, and
fine-grained prediction. A similar system is reported in [38]. In Southeast Asia, the GDELT was mined
to understand the development of social unrest; the system has been experimented on data from five
countries in the region and shows effectiveness.

In a different motivation, the GDELT data was analyzed by [39] towards understanding the actor
dynamics in ethnic conflicts and human right violations. Another interesting civil unrest related
research question in the news mining literature is the determination of what turns mass gatherings
violent [40], in that research, data from various news sources was used in forecasting violent behavior
in crowds. The system for extracting protests from news in [41] was developed to predict what news
led to a protest. Statistics: 25 works.

4.2. Crime, Legal

In compiling their electronic repository of expert witnesses [42] extracted information about
candidate professionals from newspaper articles automatically. Cross-border crimes including human-
trafficking, smuggling, illegal immigration and crisis events are automatically extracted from online
news in [43]; a similar research described as the Real-time News Event Extraction Framework [44],
is devoted to extracting structured information on security issues, including smuggling and violent
events from online news. Extracting and clustering crimes by type from Arabic newspapers is described
in [45]. A more robust work designed to serve as a news monitoring system in Malaysia for the crime
domain [46] tracks, analyzes, organizes, and presents insights from crime stories. The gender profile
and age-ranges of offenders was obtained from crime news in [47]; a system which was implemented
for large scale quantitative narrative analysis (QNA).

An approach that can be applied in mining large collections of crime news to aid crime exploration
and investigation was demonstrated in [48]. Similarly, the detection of crime patterns in news was
discussed in [49]. A crime profiling system in the Arabic language domain was proposed in [50], the
system mines type of crime, where the crime occurred and the nationality of the actor(s) from crime
news reports. Like other reported works, data from public sources are exploited to create patterns
and trends of crimes by region in [51]. Among a host of other features, [52] presented crime hotspots
mapping with visualization based on newspaper articles; another crime hotspot related research [53]
predicted where the crime hotspot of the future year will be. This work, [53] did not use newspaper
articles as its datasource but used a crime dataset instead. However integrating text mining into the
methodology described is straightforward and doing so will increase the versatility of the system. Our
survey of news analytics in the crime domain did not reveal any research work that considered further
utilization of insights drawn from the analytics operation, and the task of predicting the crime outlook
of the future is certainly an interesting challenge. Airport threats were mined from news and social
media sources in [54] with the objective of assessing and ranking potential threats each airport face.

Text mining may deepen the scope of crime analysis; since more than 50% of crimes are unreported
to the police, analyzing sources of crime data outside police databases is desirable. The previous
assertion was the motivation in [55] whose focus was analyzing newspaper reports to map crime
distribution across Tanzania. To understand identity theft, [56] analyzed online news stories and
reports related to identity theft, with the intent of examining behavioral patterns and resources used
in these crimes. The extraction and curation of crimes into a crime register from news articles is
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described in [57]. In [58] theft stories in newspapers are used in deriving various insights including
crime mapping information. Statistics: 18 works.

4.3. Politics

News media has been used to forecast the response of the public to political candidates [59];
how news impacts public perception of candidates was analyzed using computational linguistics
techniques (part of the family of technologies used in text mining). Volume and velocity, both key
nature of big data, manifests in news media; the challenge of volume is daunting in the case of news
because it is primarily produced for human consumption and often contains important information
that is sometimes beneath the surface. Therefore, to bridge the gap of easy consumption of political
news around the 2008 US presidential election period, a visualization and visual analysis system
was developed by [60], assisting political analysts in drawing conclusions without reading through
every word of several news articles. In another vein, the political network of Presidents Clinton
and G.W Bush comprising the social network of their cabinet members was automatically extracted
from news articles in [61]. In Indonesia, the non-government organizations and institutions that are
counter-radical, their characteristics, leadership, practices and sentiments were extracted from news
articles [62]. To predict the political orientation of news articles, [63] analyzed commenters’ sentiment
patterns towards these articles. The idea behind their approach is to bypass the complex text analysis
that would have been required if the actual news content were analyzed.

The DARPA Integrated Crisis Early Warning System (ICEWS) project, a large-scale automated
coding system for automated production of political event data from news sources is described in [64].
At the time the research was reported, over 75 regional and international news sources are processed in
near-real-time by the system. An example of mining news to measure a leader’s public space approval
in real-time and in response to current situation e.g. scandals or economic crisis, from the media is
reported in [65]. The potential of news to predict political power challenges and shifts such as the
Arab Spring was discussed in [16]. [66] showed the utility of text mining to discourse analysis using
the 2007 Kenyan elections and the post-election crisis as focus; they compared local and international
(UK) news reports on the election. To understand polarization in the US political space, political blogs
and their comment sections were analyzed by [67]. They predicted the response of different political
groupings to the same news story.

The involvement of foreign nations and their politicians in key political incidents in Egypt, Libya
and Sudan over a time period was analyzed from news sources by [68]; important topics, persons,
organizations, and locations in meta networks mined from the news were identified. Similarly, [69] a
news analytics system was built to analyze news coverage during the 541 days of negotiations leading
to the formation of a government in Belgium in 2011. It considered how the tone of reporting evolved
on a party, politician and newspaper level. In [17], political events data from the GDELT were mined
to understand the making of political instability globally.

Much of politics is expressed in words but the volume of political text is a challenge to scholars
using texts to make inferences about politics [70]; automated text analysis is promising in this aspect. In
contribution to the application of analytics to political science [70] surveyed a wide range of methods
including techniques to validate the output of models.

The analysis of news to determine the feelings of the public to a political figure is discussed in
[71]. Dissatisfaction with rulers and governments leads to domestic political crises (DPC). The use
of GDELT data in examining the signature of DPCs is presented in [19]. The use of political events
data in political forecasting was examined in [72]. To carry out sentiment analysis of political text in
under-resourced languages [73] proposed an approach which is suited for analysis in such situations.
The inter-mix of government and business objectives in news by state owned media in China was
studied using text analysis in [74]. Also on China, the interactions between China and the rest of the
world and the evolution of that relation was modeled from GDELT data [75]. Political bias in the media
was studied in [76] by examining a dataset of two British newspapers. A political news dataset and
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use cases including the discovery of news narratives from political news was presented in [77]. The
prediction of political violence from newspaper text was considered in [78].

The dynamics of multinational interaction as a result of the South China Sea Arbitration was
studied using events extracted from GDELT. The authors were of the opinion that studying post-event
dynamic evolution of international relations through quantitative analysis is important[79]. Can one
predict whether or not uncivil discussions will be generated from news articles? [80] discussed a
method to predict what tone readers’ comments will take by analyzing just the text of a news article.
The polarization of news and social media during political campaigns was studied by [81]. Statistics:
24 works.

4.4. Healthcare

Public health interests are not left out of content analysis, for example the study of framing of
obesity in news [82]. But the use of analytics in the health domain is desirable just like it is in the
other domains we have covered since an automated system would analyze more data and at a wider
scope too. For instance, the work on obesity utilized a selected collection of 136 articles, exhibiting
limitation volume-wise. The Europe Media Monitor (EMM), an EU-centric project which gathers
news in over 50 different languages included an analytics component for health event detection and
monitoring[83]. The EMBERS (Early Model Based Event Recognition using Surrogates) project is a
similar monitoring project which ingests data from heterogeneous sources and automatically produces
forecasts of significant societal events including disease outbreaks in real-time.

The application of text mining in health research includes Newsmap [84] an hierarchical knowl-
edge map which was automatically generated from Chinese news in the health and finance sections.
Tracing the evolution of a public health event automatically, [85] characterized the 2005 asbestos-linked
health crisis in Japan using text mining and network analysis on news content. Syndromic surveillance
is important in safeguarding against infectious disease outbreaks, and the application of automatic
news monitoring and classification for the purpose of tracking disease outbreaks is the objective of
[86]. The relationship between the media and the consumption of illicit drugs was studied in [87]. The
authors analyzed news content to determine a quantitative relationship between media reports and
opioid abuse.

A significant number of applications using the World Wide Web as signal source also exist for the
purpose of health surveillance, a systematic evaluation of such systems was carried out in [88] using
text mining. The use of social media to characterize terrorist activities and their relation to epidemic
outbreak was the subject of [89]. Epidemic surveillance is again the aim in [90], however this time, the
objective is to analyze multilingual news to characterize epidemic events. In what may be considered
a mental health research, a system to automatically determine what emotions are induced in readers of
a news article was considered in [91].

Knowle [92] extracts news events from the web and links the events according to semantic
relations. The use of the Knowle system in organizing and mining health news is studied in [92].
To study whether disease coverage in newspapers and social media is actually disease detection or
public opinion reflection, [93] compared measles-related social media messages, newspaper articles,
and actual reported cases. Two interesting things would be highlighted about this work, the first
involves the aim. A lot of web-based disease surveillance systems exist, therefore it will be beneficial
to understand what the dynamics, range, and context of disease coverage in online media is. Such
knowledge will help in developing better web-based disease surveillance systems. The second
noteworthy point is that the analysis was manual; sentiment analysis was coded by two human raters,
and the topic classification was also manual. We included the work based on its important aim and
the fact that the main methods used, even though manually implemented, are established tasks in
automatic text analytics.

SourceSeer [94,95] studied the outbreak prediction of rare diseases such as Hantavirus from
analyzing news sources. The system forecasts the emergence and progression of epidemics. Another
disease outbreak informatics system, DEFENDER [96] integrates data from social media and news for
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epidemiological insights and forecasting. With their Dis2Vec system, [97] generated disease specific
word embeddings from health-related news corpus and used those embeddings to automatically
detect and characterize emerging diseases. The coverage of disease outbreaks on Twitter as compared
with the coverage in the news, was tested in [98]. The authors were motivated to investigate how
coverage differs between news providers (traditional news media and microblogging services) and
used automated analysis to carry out these investigations. Different approaches to utilizing internet
news sources in building generic disease surveillance tools that are applicable to tracking rare, endemic,
and emerging diseases globally are investigated in [99].

The relationship between news coverage and infection incidences is studied in [100]. Dengue
news articles are analyzed from news across Asian countries with India as key study in [101], topics in
these news are determined and used in the construction of topic evolution graphs through the year.
[102] undertook a multi-dimensional analysis of news media to reveal the coverage of diseases in news
articles spanning over 30 years. A tool to collect and analyze food reports from around the world
was presented in [103]. [104] used GDELT news event data to model the measurement of factors that
enhance disease spread, the case study of this work was the Middle Eastern Respiratory Syndrome
(MERS). Understanding news media coverage of women’s health motivated the study by [105] which
focused on Korea. The problem of forecasting drug safety was studied in [106]; the study focused on
South Korea. Statistics: 24 works.

4.5. Business and Economy (Excluding Markets)

News analytics for business ends are also found in literature. [107] mined Chinese industrial
news to extract companies, events, temporal, location, and person information. A system named
Knowledge-Based News Miner (KBNMiner) analyzed news information to automatically predict
interest rates [108]. The extraction of events from news for the purpose of enhancing the knowledge
about an organization’s operating environment (environmental scanning) was researched in [109].
The automatic generation of an hierarchical knowledge graph from Chinese news in the health and
finance categories is described in [84]. Another application of news analysis is found in the automatic
extraction of information from news and other Internet sources to feed a negotiation agent with the
contextual information needed to function effectively [110]. Analyzing news makes it possible to infer
the social importance of events; in [111] the occurrence of such events as severe weather conditions
have been leveraged to predict energy demand or pricing.

The automatic analysis of business-related information reported in news such as contracts won
and product launches could be of value to an organization in the provision of useful insights [112].
However, this can only be achieved with the availability of rich semantic representations that are good
enough for an inference engine to reason over. Capturing rich semantic representations from news
is therefore the subject of [112]. Analyzing trends in the operating environment of a business aids
managers to respond and adjust strategies, mining changes caused by events from news stories is
discussed in [113]. [114] explored methodologies to extract competitive intelligence from news and
other online sources using text mining, the authors showed how this might be further integrated with
structured data for decision making. A variety of events impact on oil demand and prices; [115] detects
such events using text mining of news articles, and also to determine which event might impact oil
markets. Summarizing Turkish economic news and structuring it into quantitative representations
[116] is partly motivated by the fact that there is too much economic news to read; news analytics
systems such as this can be of importance to business managers and analysts in providing concise
insights. By gathering news and other data from the web and analyzing key events found in these
news, exchange rates are predicted in [117]; this work has been used in real world situations.

In other applications, the problem of automatically connecting mentions of brands to relevant
business news about them, was tackled in [118]. Motivated by the fact that business events differ
from other events, [119] proposed a method for detecting and categorising business-critical events in
news. Environmental happenings around a business may include risks - events that could hamper a
company’s growth; a framework to process textual data and news documents automatically to extract
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and classify risks is demonstrated in [120]. The Chinese government’s usage of state-controlled media
is studied by analyzing news articles in [74]. Narrative visualization is a technique to allow readers
to determine what information they consume. Automatic narrative visualization and the analysis of
financial news to show the socio-economic relationship between price and other topics is covered in
[121]. A model developed in [122] was applied to study financial risk from analysis of news articles,
with the authors showing how text can be a useful complementary source for risk analytics.

Supply chain relations are crucial to an organization but these relations are unapparent [123]; as a
result, the integration of text mining and social network analysis to analyze news is considered and
reported as an approach to solving the problem. The discovery of business industry structure and
business relations from news with both macro- and micro- viewpoints is studied in [124]. The extraction
of structured representations of economic events from news articles was undertaken by [125]. Big data
analysis of the gambling industry in South Korea was undertaken by [126] to understand the press’
view and the public’s perception of gambling-reated news. Sustainable supply chain management
in the textile industry was studied in [127] by analysing news articles and sustainability reports of
firms. The usage of sentiment analysis, a key technique in text analytics, in the analysis of the tourism
industry and the unique domain-caused challenges such an approach face is studied in [128]. The
study examined the design of sentiment analysis based works in that domain. News has also been
analyzed to define indicators for bank risk culture [129]; the indicators were extracted using a variety
of text mining techniques. Statistics: 24 works.

4.6. Predicting the future

News articles contain information of some events that are planned to occur in future.This infor-
mation is important in understanding how specific events might unfold. The task of retrieving and
ranking these information from news articles was defined and addressed by [130]. Future-related
information mining aids decision-making [131]; mining news for future events defined both spatially
(place) and temporally (time) was described in [131]. The work by [132] takes a different path to
future-prediction than the previously mentioned ones - the ‘Pundit algorithm’, which generates a
plausible future event that might occur given a present news event. This algorithm involves min-
ing over 150 years of news. To determine what the events outlook for the future might be, [133]
researched the automated extraction and generalization of event sequences from news; learning to
forecast forthcoming events from corpus containing 22 years of news articles.

A visual approach to the mining of news to provide insights into the future is described in [134],
the research considered contextual similarity in their analysis as against spatio-temporal analysis
only. According to [135] “text mining provides a solid base for reflecting on possible futures”. The
authors therefore explored the potentials of text mining, over a variety of data sources including
news, for the purpose of foresight. [136] considered a news prediction technology with some focus
on efficiency. Although this section is concerned about predicting events, we conclude with a unique
prediction-related problem, that of cross-checking whether predicted events in news occurred. In
[137] the authors built an automated predictions validation system to cross-check predictions made by
journalists in prior news articles. Statistics: 8 works.

4.7. History

How the past was remembered is the thrust of [138], the authors applied computational and
statistical tools to analyze news covering different countries, showing how interesting topics and
hidden correlations surface with the use of such tools. Past content constitutes a rich research repository;
[139] investigated a system to semantically search news articles, with extended capabilities such as the
identification of contrasting and contradicting information in news articles. The content in news from
decent sources is relatively correct due to painstaking efforts made by journalists and such contains
facts about key happenings, [140] investigated tools and methods to extract geospatial data from
unstructured text archives. They described the construction of a database of historical flood events
and the extraction and usage of the rich geospatial data in news sources. Statistics: 3 works.
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4.8. Public Perception

The influence of political news articles on the opinion of people (commenters) was examined
in [63] where the authors predicted the political orientation of articles by analyzing comments. The
creation of a geospatial visual analytics system which transforms text into emotional heatmaps with
spatial awareness is described in [141]. The coverage of various diseases in the media and the tone
(sentiments) of the disease-reporting news article was analyzed in [102] for each disease. The objective
was to capture public opinions towards these diseases and to inform unmet medical needs of the
populace. Statistics: 3 works.

4.9. Armed Conflicts/Violence

This category of news analytics is similar to the civil unrest and terrorism categories; keeping
these categories separate is because of the existence of some works that are distinctly focused. NEXUS
[142], a project of the Joint Research Center of the European Commission is an event extraction system
for populating knowledge bases with records of violent incidences by extracting security-related facts
from news articles. For forecasting political violence at sub-state levels in Afghanistan, [143] utilized
GDELT data in conjunction with spatial analysis. For a global scale analysis of armed conflicts and
major protests globally between 1979-2014 [144] analyzed GDELT data across different scales and
timelines. The use of analytics for the monitoring of arms and weapons including biosurveillance
is briefly surveyed in [145]. The network of actors in ethnic violence was studied by analyzing data
from GDELT in [39], and in [78] a methodology to predict armed conflict was presented. Statistics: 5
analytics works (and 1 review).

4.10. Terrorism

The interest in [146] is the understanding of how the major events of a terror attack evolved,
the authors examined the problem by drawing on CNN news articles and analyzing them. [147]
worked on a similar problem with their method for tracking terror and violence in real-time from
news streams. A study of counter-radical organizations, their characteristics, and networks via news
analytics is presented in [62]. The compilation by [148] contains several chapters detailing research
on models, tools and techniques and it included case studies in counter-terrorism analysis and open
source intelligence. Free text news summaries of the Global Terrorism Database (GTD) was analyzed
in [149] to determine incident types. [150] developed a system for analysis of news in real-time to
obtain terror incidences, proposing a safety assessment formula based on terror activity of places,
and [54] used news and social media content to conduct threat assessment of various airports. The
development of a model for the ontological analysis of news [151] used the terrorism domain as a case
study and analyzed terrorist news. Statistics: 8 works.

4.11. Disasters/Risks

The multilingual event extraction system in [152] was developed to analyze news aggregated
by the European Media Monitor (EMM) system; it extracts violent events as well as natural disaster
events. Global news (GDELT-sourced) was analyzed by [153,154] to reveal the structure of coverage of
disasters and the determinants of disasters.

Towards supporting aid services during a disaster, news was used by [155] in the research to
determine the possibility of/utility of open source data in providing situational awareness for aid
agencies to enhance response operations. To enhance speedy and appropriate attention to the needs of
the public and responders during a crisis event, [156] developed a system to summarize data streams
including news. A similar objective is found in [157] where analytics is used to provide information
from news and social networks for emergency management operations.

The extraction of events and the generation of summaries for same from newspaper articles, along
with a geographic marker for the event is researched in [158]. In [159] (and extended further in [160]),
information sources including news, are mined to obtain demographics, time, location, and summaries.
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The system features interactive visualization; a case of gender-based violence and displacement are
demonstrated.

To aid journalists in detecting and monitoring disasters, [161] developed a model to automatically
identify from local news, the local disaster events which may become global news in a space of 24
hours. The creation of mind maps from news sources was examined in [162] and the idea applied to
the disaster domain. In commonality with a number of other works in this section [163] also tackled
the extraction of natural disaster occurrences, the end in their case is to populate a store with the
information such as disaster type, time, and location extracted from the news. [164] is yet another
extraction-focused work utilizing news and social media (Twitter) data to aid disaster management
activities. Statistics: 13 works.

4.12. Sustainability/Environment

Newspaper content can assist in the investigation of various issues related to environment and
nature. For example, a traditional content analysis of US newspapers on climate change[165]. This
research showed the perspectives of various parties involved in the climate change discussion such
as ‘special interests’, scientists and politicians. It further showed the waning and rising of the voices
of those parties in the coverage of climate change in the news. The coverage of such environmental
issues in the media makes news a suitable data source for various automated algorithms to work with.

News analytics has been applied to the extraction of sustainability indicators; [166] identified,
tracked, and reported the indicators of a particular region. By analyzing news [167] produced 58 rules
between climate change and food-related vocabularies drawn from news; the study examined the
correlation between climate change and food related content. The relationship between water and
society in two different countries - Japan and the United States - was studied using news analytics
techniques in [168]. A system for the extraction of events from some news of interest was the interest
in [158], the author further applied the system to automatic extraction of information about past flood
disasters. The social conflicts associated with exploitation of natural resources in four countries was
measured using analytics in [169].

To deepen the literature on organized climate scepticism, a corpus of climate-skepticism was
created and analysed in [170] to measure key themes in the corpus using analytics methods. [140]
showcased a news analytics methodology for the automatic construction of a database of flood
events from the data in news reports including causes, and magnitude of the flood. [171] studied the
distribution of natural hazards in China by mining news to obtain a natural hazard events dataset, and
analyzed it to unveil a spatio-temporal view of natural hazards.

Sustainability is of interest to government, non-government, business, and academia groups; to
determine sustainable supply chain, analytics of content from various sources including news was
carried out by [127]. Articulate [172], an open source tool for the discovery and management of news
coverage on an issue of interest was validated on news about drought and flooding in California and
Houston respectively [172]. Statistics: 10 works.

4.13. Information Exploration, Representation, and Visualization

In [3] Pagerank, the mother algorithm of the Google search engine, was referred to as the common-
est example of news analytics in use. The rise in volume of data, in particular unstructured data such
as news provoked a need to search and explore content in a better manner than obtaining and reading
the content personally and in a linear fashion. Search systems are among the earliest applications
found in this section. Velthune [173] was developed as an academic news search engine. It retrieves,
ranks, indexes, classifies, clusters, and delivers personalized news information extracted from various
sources. Lydia [174] is a news analytics system which tracks who is spoken about per time, where the
discussions about them emanated, and what is being said about them. [84] automatically generated
Newsmap - a knowledge map for exploring intelligence and knowledge captured in business and
health news.
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The coverage of an entity in the news as a function of a location (of the news source) was used
in determining the regional bias of entities in [175]. News stories were analyzed to yield a more
informative and limited (in terms of content size) exploration in [176]. SemanticPress, a tool for
the generation of press review automatically for the purposes of eGovernment and eParticipation
involving the analysis and presentation of news content was presented in [177]. Newsstand [178]
leverages the rich geographic content in news to create a system that places news in a map interface.
[60] built a system based on the analysis of news for public opinion to enable analysts to consume
and analyze news relating to the 2008 US presidential election. In [179] an exploration for news in the
terrorist and disaster domains are analyzed on polarity and presented via a visual analytics tool. A
visual analytics system for a large collection of news involving polarity, spatial and entity analysis was
developed in [180]. Real-time visual analysis of news utilizing threads created from news stories is the
subject of [181]. Another visual analytics system described in [182,183], facilitates analysis of similar
topics and their evolutions (merging from/splitting into other stories) over time.

While other works in this section focused on visualizing content, [141] analyzed location, and
tone or sentiment of news articles and visualized the analysis as heatmaps. In an assistive technology
work, [184] simplified news content using an event-centered approach thereby reducing complexity
and volume of content to obtain the key information. NewsViews [185], another news visualization
system, creates thematic maps from analyzing news content. The AESTHETICS system [186] creates
visualizations from the analysis of news content, their categories and entities in the news. The
conversion of news articles in qualitative/unstructured form into graphs, tables, keywords, and word
vectors is described in [116]. A mapping of news collection into a 2D space illustrating similar news
versus dis-similar as a way of giving context to unread news items is described in [187]. In the case of
NewsStand [118], a spatio-temporal browser, a map interface allows the query of news items mapped
to geo-mentions in them.

The creation of an aggregated news system with thematic grouping and sentiment analysis on
real world streams of German news is described in [188]. MediaGist[189] combines summarization,
polarity analysis and multilingual aggregation of news to draw the variance in the coverage of the
same news story across borders. [121] used the Narrative Visualization technique to allow computers
analyze news and present the various sides of the story. They used this to highlight social and economic
relationships in financial news. In another re-presentation of news, TimeMachine[190] presents a news
search and visualization system which is entity-based, returning related entities for whatever query
users present. A temporal aspect is also involved in TimeMachine’s processing and so different entity
lists may be returned for the same query in a different period. To track the evolution of topics in
rapidly changing text data, [191] described an approach to automatically identify topics in incoming
documents and match them with an appropriate existing topic immediately preceding them in time. A
framework for analyzing civil unrest events from news, with its visualizer, was presented in [31].

The NewsBird system [192,193] is a news aggregator developed to show opposing perspectives
on topics in the news. A method to aggregate and organize news datasets into a visualization of
major stories is shown in [194]. The creation of an automatic mind map generator to create mind
maps from news is the focus in [162]. The concept of semantic relatedness which centers around
co-mention of places in news topics is center to the application in [195] which is a computational
framework to automatically identify semantic relatedness in news datasets. The work included an
exploratory visualization and analysis of geographic distances with respect to semantic relatedness.
News from different sources are analyzed in [57] to extract crime related entities and events to
create a crime register, a visualization tool allows various interactions with the results from the
analysis. Monitoring a news stream for significant co-occurrences of terms with a reference corpus
and visualizing the analysis semantically was considered in [196]. The work of [197] focused on the
extraction of structured summaries from news by augmenting news with social media tags to derive a
“Social Tree”, a hierarchical structure of keywords and social tags. Statistics: 34 works.
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4.14. Technology

[198] undertook a study of news articles and scientific literature covering the smart services
ecosystem and defined the concept of “smart service system” based on the results of the analysis. In
[199] the interaction between robotics and social issues in Japan was investigated by pursuing a news
analytics study of newspaper articles and academic articles on social robotics. The study highlighted
technological solutions available for certain social challenges in Japan. Statistics: 2 works.

4.15. Journalistic Processes, Language Use and Media/News Production

The NSContrast system [200] provided a means of discovering contrary views on matters from
different news sources, and characterizing the differences between news sites. The impact of news
reports on opioid abuse was investigated by analyzing a dataset of news [87]. An analysis of the
coverage of 2007 Kenyan elections in Kenyan newspapers and the UK/US press using computational
algorithms was investigated in [66]. Identifying and comparing news frames was the motivation for
LingoScope, a visual analytics tool described in [201]. [202] explored a system to automatically predict
what the popular news would be, and in [203] news selection for front-page placement was explored
to help news aggregators select which articles from a news stream are important. The determinants
of the number of comments triggered by a news article was explored in [204]. To assist journalists
explore news coverage across countries and across five different languages [189] built MediaGist for
cross-lingual analysis of aggregated news and comments.

The application of news analytics techniques to analyze news for large scale analysis of news
collections to discover news frames or evaluate news content was explored in [205]. [98] used news
analytics to compare topic coverage from articles drawn from two media sources - Twitter and
traditional news publications. To allow the discovery of diverse perspectives on the same topic, the
NewsBird aggregator was developed in [192,193]. How news volume corresponds to disease incidence
rates was investigated in [100]. [126] studied South Korean media to understand the differences
between how journalists presented gambling and how the public perceives the news.

The creation of a news dataset and a feature data set for inquiry into news production was
undertaken in [77]. An approach to authenticate journalists by cross checking whether their statements
of what would hold in the future actually happened, called automatic prediction validations (APV) was
proposed and built in [137]. Techniques journalists can employ to analyze news and discover insight
they can use to steer their own work are explored in [206]. The utility of news analytics techniques
towards studying the depiction of migrants and minorities in Korean news was the subject of [207].
The MediaRank, a computational approach to undertake automatic ranking of news sources around
the world, based on four journalistic values associated with quality of reports is described in [208]. In
[209], a series of means were proposed towards the end of predicting evergreen posts. Statistics: 20
works.

4.16. Notoriety

The problem of predicting whether a news article will generate a lot of uncivil content in its com-
ments section was tackled in [80], and the [210] characterized hate speech content against immigrants
in Korea by analyzing news comments. Statistics: 2 works.

4.17. Gender Issues

[211] showed the relationship between topic of news articles and gender bias by using news
analytics. Although the objective of the research by [47] was not directly targeted at gender, the
demonstration of their analytics method on news articles revealed how women and children were
mostly the victims of Crime against the Person. Statistics: 2 works.

4.18. Gambling

The dynamics of news reports and public interest involving the gambling industry in South Korea
was studied in [126], covering various dimensions of the topic. Statistics: 1 work.
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4.19. Migration

Towards border security, the work in [43] presented a real-time event extraction focused on
border-related acts including illegal migration, from news reports in Europe. To evaluate their work
aimed at the automatic discovery of framing of latent personas from documents, [212] analyzed a
collection of immigration news. The detection of forced migration via a targeted event detection
approach was discussed in [213]; the same problem was the subject of the thesis [214] which mined
news articles to predict forced migration. To understand the public-migrant interaction on a smaller
scale, [210] analyzed news comments to characterize news comments for hate speech against foreign
migrant workers. The idea to integrate traditional indicators with news and social media analytics
to predict migration and the attendant migration pattern was proposed in [215], and [207] explored
the application of analytics to large corpus to investigate the representation of minorities in news
reporting. Statistics: 7 works.

4.20. Sports

Observing the fact that studying the lifestyle of triathlon athletes is of interest to social sport
scientists, [216] analyzed triathlon athletes blogs and news feeds from athletes’ websites. While the
authors did not use mainstream news sources, their objective may well be achieved with a switch to
sports news covering the triathlon niche. Statistics: 1 work.

4.21. Societal/Government

News analytics was used in exploring societal interests in [217]. In [175] what entities dominate
local discussions across geographical locations is the interest, and these are extracted from various
regional news sources. The NSContrast system proposed in [200] allows the exploration of the
interests of a particular country. Historical references in news is studied in [138] who analyzed news
collection from different countries to reveal hidden correlations. [218] explored news analytics towards
understanding the various macro-level changes in the society based on the tone of news content and
geographic analysis of news content. The generation of fine-grained heatmaps corresponding to the
emotions of people at a location as determined from the content from various text sources including
news is the subject of [141].

In [219], the GDELT database coverage of events in Singapore as drawn from a variety of sources
was tested for quality and accuracy. The discussion about water and the society in the news was
the intent in [168]. Measuring the strength of nations or their influence according to media reports
or events in the news was considered in [220] which analyzed the GDELT data corresponding to
USA, Russia, and China activities in the news. Another cross-country work mined news to determine
social conflicts arising as a result of mining activities in Australia, Canada, Chile, and Peru [169]. The
utilization of the newspaper industry in China as both a government mouthpiece and also as a market
and economy information provider is studied in [74] via textual analysis of a news corpus. MediaGist
[189] presented a tool that allowed the detection of controversial topics and their exploration from a
corpus of international news, similarly, [221] analyzed aggregated news to extract interesting topics.
The system was used to compare news articles from different regions.

The co-occurence of mentions of city names in news topics can be considered semantic relatedness
as noted in [195], where the concept was automatically examined in a large news corpus. An analysis
of the Arabic news collection to reveal top topics across the corpus and the coverage scope of the 24
different Arabic newspapers examined was reported in [222]. The extraction of key noun terms of
social-problem-related topics in the news is studied in [223]. Statistics: 16 works.

4.22. Emerging/Interesting Entities and Events

A named entity recognition system in newspapers that uses the distribution of words in news
articles to determine named entities was described in [224]. The Lydia system described in [174]
extracts a relational model of entities in the news, it could determine what entities are the subject of the
news at a particular place. In likeness to the Lydia system, [225] presented their approach that mines a

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 5 February 2026 doi:10.20944/preprints202602.0243.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.0243.v1
http://creativecommons.org/licenses/by/4.0/


18 of 34

large collection of news to extract topics, trends and linked entities. Another automatic analysis work
[226], extracted relationships between persons in the news and populated these on maps. [227] did
not just extract entities but also extracted significant events from daily news. A multilingual news
mining for extracting who, where, and what is reported in the news was presented in [228], and a
technique for the extraction of social networks of actors from text was demonstrated in [61]. [229]’s
interest was tracking of the set of actions or activities culminating in a major event or news story, the
author’s interest was alike to [180] which examined news from different countries considering the key
topics, tone, and the quantitative evolution of entities mentioned in the news in a temporal manner.

The extraction of events from Vietnamese news and an online event monitoring system was the
subject of in [230]. The presentation of contrasting news views using an automated technique was the
contribution in [231] while a [68]’s contribution was an approach to analyze news to quickly extract
key actors and their networks in the context of an emerging or current major event such as the Arab
Spring of 2011. [232] investigated the problem of determining the day’s key news story for users, given
streams of articles from several sources, while [233] worked on discovering and semantically typing
emerging entities in news. Extracting organization name from business news in Russian language
received attention in [234], The system in [235] processed a multilingual news collection to extract the
major news from the collection and to track related news over a period of seven days. Visualizing
entity trends extracted via news analytics was treated in [186], while in [185] concepts and locations are
mined from news and used in the creation of thematic visualizations. Certain entities in text may be
ambiguous and their discovery is difficult, the efforts in [236] was towards discovering and resolving
ambiguous named entities. The use of named entities in ranking news articles was explored in [237].
Integrated management and mining of multimodal content was described for the news and events
domain in [238], while in [239] a method for easy exploration of key news events and summary related
information was discussed.

News events are linked by the semantic relations they possess to build an "event centrality
management system" in [92]. The system described in [240] is also similar in extracting topics and
discovering the event-relationships. Named entity recognition in crime news was considered in [241],
business-critical events were analyzed in [242] and Chinese news headlines analyzed in [243] to detect
and follow trending events. News analytics techniques were applied in [244] to study the newsflow
theory, and in [245] socio-economic indicators like food prices were predicted by analyzing news
events. News and allied sources were analyzed and formed the data for GeoSentiment [246] - a
visualization tool for event-triggered sentiments across location. The use of automatically identified
entities and relations between them to drive news exploration and visualization was the highlight in
[190]. The construction of knowledge graphs based on news events is discussed in [247], the authors
noted the benefits of event-centric news exploration. Event detection and linking to construct stories
in large news streams was presented in [248]. A method based on analyzing events in news stories to
suggest news that may be used as external sources for Wikipedia articles is proposed in [249]. Statistics:
34 works.

4.23. Negotiation

News analytics has been used in research considering the provision of valuable background
information to negotiators from news articles [110]. Statistics: 1 work.

4.24. Education

News articles have been analyzed to understand the content simplification process. In [250]
original and abridged news articles were compared using various algorithms. To measure science
literacy in the society, [251] analyzed a concept map drawn from a large corpus of Chinese news
articles. The media’s coverage of MOOCs Massive Open Online Course(s)) was examined in [252]
using news analytics techniques to understand public discourse of MOOCs. Statistics: 3 works.
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4.25. Miscellaneous Applications

We identified some other applications of news analytics which do not identify as a major theme or
category within the general scheme of things in our real world; the works are cataloged in this section.
The discovery of the influences of peak news on other news topics and how it exposes knowledge
about interests of the society and society’s behavior received attention in [253]. The analysis in [254]
was concerned with the clustering of face images from news content and labeling them appropriately.
A technique for the extraction of named entities by using the distribution of words in news content was
presented in [224], NewsExplorer combined various text analysis tools across 19 languages, creating
stories from related news; extracting and aggregating from these multilingual collections and linking
them all. A set of transformations to model actors and their interactions in news stories was proposed
in [176], and [255] presented a technique for the automatic population of ontology from news. To
analyze a volume of news and present news efficiently and meaningfully, incident threading was
explored in [256], similarly the mining and ranking of stories presented within similar time windows
was treated in [257]. Contention in news reports was investigated in [231], the authors classified news
reports automatically based on disputant relations.

The Global Data on Events, Location and Tone (GDELT), a dataset of geolocated events with
global coverage is described in [258] with respect to its news sources and processing pipeline among
others. We note that the GDELT dataset has been used in several news analytics research we cover
in this work. Extraction of new entities emerging in news for updating an ontology is described
by [233]. [259] analyzed news streams, connects relevant topics with summarized Twitter contents
around it including relevant hashtags. A research with a unique direction, [219], analyzed GDELT data
on Singapore events to determine its completeness and validity. In [260] segments of news content
that are argument elements were identified. The news analysis and mining task is studied from a
link-eccentric perspective in [240], including the process for discovering topics and linking entities
in events. Questions about online news characteristics such as which was the most relevant or what
is the lifespan of news have been studied, using a set of top Italian news sources and agencies [261].
An automated attempt at producing press reviews is discussed in [262], and in [263] the problem of
comparing news in different languages and linking articles covering similar events but in different
languages was examined. While we have centered on analyzing textual content to derive some form of
quantity which may be mined, research to do the opposite can be found. [264] discussed the feasibility
and process of discovering interesting observations from structured data and producing news from
it automatically. Also in the same vein is the research on Reuters Tracer, an end-to-end system for
production of news from Twitter data [265]. To understand the creative and cultural spheres across
China, [266] undertook a news analytics exploration of the news. In their experiments, [249] presented
an automated means of predicting candidate news for Wikipedia external references from a daily news
stream. Statistics: 21 works.

5. Discussions
There is no doubt that there is an abundance of news analytics research works outside the

presented collection, neither is the set of categories we present here an exhaustive one or a perfect
grouping. Within the scope of works we have presented, a few observations can be made.

5.1. On the Datasets Used in Examined Works

• We observed a number of research interests around live news and real-time news analytics.
However, since these are different with regards to approaches involved as compared to those in
the works we consider, they are not included in this exploration. We intend to carry out a separate
examination of these in future work.

• Comments on news articles, which are a sort of derivative of news articles in our view, are also
used in news analytics tasks. Comments datasets may be used solely, or used in conjunction with
the news articles.
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• Social media text, often from Twitter, features as a common augmentation of news data used in
analytics.

• Data from GDELT is also used. However most researchers obtain their datasets directly from
raw news than from a pre-compiled source such as Global Data on Events, Location and Tone
(GDELT). The Europe Media Monitor (EMM), is another source of pre-compiled data from news
that is identified in our review.

5.2. On Focal Interests of the Works

• The purpose of news analytics is not always predictive, as we discovered in our review of existing
literature in this field. Some authors analyzed news content with the intent of

– i) producing concise reports,or
– ii) forecasting,
– iii) building an information tool,
– iv) providing a better interface for discovering and consuming the issues in the news,
– v) deriving concise reports from news or allowing users to get a better scope of present issues,

among several others.

5.3. On Reach or Geographical Scope of News Analytics

Almost all the continents have been the subject of one news analytics research or the other The
presence of major news analytics projects from consortia and government in Europe, North America,
and also in Australia/Asia Pacific region is also noted.

6. Conclusion
Rather than attempting to be exhaustive or comprehensive, we are motivated by an inquisitiveness

to explore what range of non-financial news analytics works exist within our literature search; i.e.
given a representative set of published works on news analytics, what may we find? The question
succinctly captures what we sought to do, and answering that question is what we have done. We
have identified domains in the society that has been observed or investigated through news analytics.

Our survey show that news analytics is diverse, serves various purposes, and features interesting
applications and usages. Beyond financial news analytics with popularity which can not be disputed
in the overall field, news analytics for security intents (comprising the crime, unrest, protest, terrorism,
disasters and violence themes) is another popular area. The security theme spans five (5) of the 25
categories we covered; by this, security is the predominant news analytics research sub-field after the
markets. The importance of the media and the impact on the society has been researched over time,
and now news is finding utility in a variety of big data applications bordering on security in the society.
Everyday, millions of events are covered in the news; government and law enforcement operatives
are interested in these news; they want to monitor, track, and analyze this information. This could be
one reason why there is much interest in analyzing news for security issues. Furthermore, security
concerns seem to be generally increasing both in the populace and in government. We believe that
the security sub-field will witness more applications and results as machine learning and artificial
intelligence algorithms improve, giving more power to the text mining and natural language processes
employed in news analytics systems.

Social science researchers are also picking up on text mining as a qualitative research methodology,
and substantial social computing research deals with the analysis of text, sentiments, and social
networks. In this survey we have works that mine news to understudy the social network of important
figures [61], [123]. This is of course different from mining social network connections in a traditional
social network platform setting, e.g. Facebook. Despite the source of data and the presentation
of the data source being different, the same network analysis algorithms and approaches used in
mining social networks can be applied in mining the social connection graph obtained from news
analytics. Applications that extract social networks from news content, whether in real-time or
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from news collections, can further combine with other news analytics intents or processes to yield a
multidimensional or multi-faceted analysis and understanding of news text collections.
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