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Abstract

In this paper we develop a novel online framework to visualize news data over a time horizon.

First, we perform a Natural Language Processing analysis, where the words are extracted, and

their attributes, namely the importance and the relatedness, are calculated. Second, we present

a Mathematical Optimization model for the visualization problem and a numerical optimization

approach. The model represents the words using circles, the time-varying area of which displays the

importance of the words in each time period. Word location in the visualization region is guided by

three criteria, namely, the accurate representation of semantic relatedness, the spread of the words

in the visualization region to improve the quality of the visualization, and the visual stability over

the time horizon. Our approach is flexible, allowing the user to interact with the display, as well

as incremental and scalable. We show results for three case studies using data from Danish news

sources.
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Visualizing News Data Streams

1 Introduction

With the growth of Big Data, new business opportunities arise for gaining insight from data streams

[2, 21, 29, 55], and Information Visualization has played a crucial role in facilitating this task,

[12, 15, 26, 27, 42, 59]. However, this can be very challenging, not just because of the size of

these data streams [1, 6, 31, 50], but also because of structural complexities that make the analysis

difficult [8, 9, 22, 34]. This is the case for news data [16, 19, 23, 35, 36, 44, 45, 49, 57], where there

is a virtually unlimited supply of data available, containing insights that are crucial for business

and society [13]. In this paper, we show how these insights can be unlocked from news data by

addressing its structural complexity.

News data can be considered as a sequence of words, which can be visualized using methods

such as word clouds. Word clouds aim to represent the frequency or importance of words in texts

by balancing several aesthetic criteria [61, 62], including avoiding overlapping and reducing the

empty spaces. However, standard word clouds do not manage to convey two important features

of the structure of news data. The first is temporal – it is important to know how news topics

develop over time. The second is semantic – certain words and topics are closely related to other

words or topics.

In this paper we use Mathematical Optimization techniques [7, 10] to build a novel online

visualization map that makes it possible to produce visualizations of news data as it develops over

time. This online visualization in turn depends on Natural Language Processing for uncovering the

semantic structure in the news data, by computing the importance and the relatedness of the words

that occur. In this way a kind of dynamic word cloud is produced, which displays the importance as

well as the relatedness of words, and shows how they develop over time. Although there have been

attempts in the literature to incorporate the temporal [20] and the semantic [4, 24, 66] features into

word clouds, as far as the authors are aware, this is the first paper in which these are optimized
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Visualizing News Data Streams

simultaneously. The approach proposed here has important advantages. First, by being online,

and therefore incremental, we do not require the recalculation of the past display whenever new

data comes in, [36]. Second, our approach is scalable since the optimization problems solved in

each iteration are computationally cheap. Third, the modeling is flexible, allowing the user to

interact with the display, for example, by defining new criteria to be optimized, constraints on the

layout of the display, and different visualization regions over time. Finally, our work employs word

embeddings [41, 51, 52, 53, 56], a newly developed method that provides a much more nuanced

and precise model of semantic structures.

We consider a set N of words and T time periods. Our aim is to build an online visualization

map, i.e., a collection of T visualization maps, where the words in N are represented in each

time period. We have two attributes associated with the words, the so-called importance and the

relatedness matrix, which are both dynamic. For each word i and each period t, ωi,t represents

the importance of word i in time period t. For each pair of words i and j and each period t, δij,t

represents the semantic relatedness between words i and j in period t. In each period, we depict

words as circles representing accurately the importance ωi,t. The position of the circles is defined

by three criteria. The first criterion takes care that, in each time period, the distance between

the circles resembles the relatedness δij,t attached to the words, as in MultiDimensional Scaling

[37, 38, 60]. The second criterion aims at spreading the circles across the visualization region to

improve the aesthetics [62] and ensure the readability of the online visualization map. The third

criterion ensures a smooth transition between the visualization maps, thus ensuring visual stability,

[18]. Finally, the approach is online, such that the plots for the first T0 − 1 periods are already

available, and we need to construct the plots in periods T0, . . . , T , where new words may appear,

using the criteria above. With these criteria, our ordered time sequence of visualizations behaves

as a kind of animated conceptual space, helping to show how words gain or recede in importance
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over time.

The remainder of the paper is structured as follows. In Section 2, we review the related litera-

ture. In Section 3, we describe the way the importance and the relatedness are calculated in this

paper. In Section 4, we describe the Mathematical Optimization approach used to build the online

visualization map. In Section 5, we illustrate the usefulness of our tool, by applying it to three

case studies from Danish news. Some concluding remarks and plans for future research are given

in Section 6.

2 Literature review

In this paper, we describe an online visualization framework based on Mathematical Optimization,

which can extract insights from news data streams as they develop over time. Mathematical

Optimization is typically used to represent dissimilarities (the complement of relatedness), see e.g.,

[5, 28, 46, 47] and references therein. However, we are not aware of any similar approaches to

extracting these insights from news data streams.

The framework involves several key elements:

• Importance: term importance must be computed, both to decide which terms to include, and

their relative size

• Relatedness: the semantic relatedness of terms must be calculated – this provides a basis for

deciding where to place terms in the visualization region

• Visual Stability: this is made possible by the computation of semantic relatedness, together

with a Mathematical Optimization model which ensures that related terms appear close to

each other. As a side effect of this, term position will remain stable in a temporal sequence

of visualizations. This stability over time is crucial to providing the insights over time from
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a news data stream.

In this section, we will review related work which addresses certain key elements of this approach,

although none of them put them together in the way described here.

Word Clouds have become a widespread tool for visualizing the important terms or concepts

in texts. Wordle [33, 62] is a widely used tool for this purpose. There have been many works to

improve word clouds as data exploratory tool, see [24] and references therein. In [64], EdWordle is

proposed to allow the user to edit the word cloud (e.g., adding/deleting, dragging, resizing words),

while preserving its neighborhood structure. After editing, the words are rearranged based on rigid

body dynamics, [65]. In [14], this consistency of the neighborhood structure is applied to dynamic

data, where the shape defining the visualization region of the cloud may vary over time too. In

[11], the authors develop a methodology to coordinate word clouds. They introduce the concept

of a word storm, i.e., a collection of word clouds, each of them associated with a different text.

Since word storms are used to compare documents, the authors argue that the same word should

have a similar location across different word clouds. One of the approaches to build word storms is

based on Mathematical Optimization. The objective function has three goals, namely, texts that

are similar are represented by similar word clouds, the frequencies are represented accurately, and

the aesthetics of the display (measured by compactness and avoidance of overlapping).

Normally word clouds provide information along one dimension, namely, the frequency or im-

portance of the term, which is represented by the size of the term in the display. Most of the

effort is put into the aesthetics of the word cloud. The position of a term in the display is es-

sentially random; it conveys no information. In the present approach, the position of the term

conveys important information – namely, semantically related terms appear closer to each other,

and unrelated terms are more distant.

Some recent work describes word clouds that attempt to incorporate semantic relatedness. For
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example, Cui et al. [20] use semantic relatedness to visualize temporal document content evolution.

The authors propose building a dynamic word cloud and a trend chart to highlight significant

changes in content over time. They use a stepwise procedure to build the dynamic word cloud. First,

MultiDimensional Scaling (MDS) is executed on the set of all words across all periods to choose the

initial points where the words will be anchored. The authors define three possible dissimilarities

to be used by MDS, one of them being based on semantic relatedness using feature vectors as in

[58]. Second, a word cloud is built for each period, starting with the points corresponding to words

appearing in that period, and, subsequently, the aesthetics of the display is improved with the

so-called force-directed algorithm. As the authors themselves note, their approach does not allow

for user interaction.

Barth et al. [4] propose three approaches for building semantics-preserving word clouds, i.e.,

word clouds trying to represent accurately both word frequencies as well as relatedness between

words. The first one starts with an MDS solution built on the rescaled problem, where both the

frequencies and the dissimilarities are scaled by the same constant. The word cloud is inflated

iteratively and the overlapping is removed using the procedure in [20]. The two other approaches

are built around the graph defined by the dissimilarities. The second one builds a collection of

stars, i.e., trees of depth one. Then, an MDS layout is built for the stars, while the force-directed

algorithm is called to improve the aesthetics of the display as above. The third approach works

similarly, but in this case the authors extract cycles/paths from the dissimilarity graph. Barth et

al. [3] is a follow-up work to [4]. The authors provide a graph representation of the problem, where

the vertices are the words and the weights on the arcs are the relatedness between them, they

then show that the problem is NP-Complete, and propose approximation algorithms for specific

structures.

Further approaches in terms of text visualizations and analysis are surveyed in [43].
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3 Natural Language Processing analysis

Our aim is to produce an online visualization map, which provides semantic insights into a stream

of news data. This requires Natural Language Processing analysis from two perspectives: Impor-

tance and Relatedness.

3.1 Importance

Importance involves extracting the most interesting words appearing in the news data stream, and

providing a numerical rating of the importance of the word. In other words, we want to know

whether the word indicates an important topic in the current news data stream.

Computing semantic importance of words is a well-studied problem, and we follow well-established

techniques, with some modifications to address issues related to our application, in which we wish

to extract insights from a topical news data stream.

The frequency of word occurrences provides a basic, yet flawed, measure of semantic importance.

An obvious flaw concerns extremely common words that typically express particular linguistic

functions, such as prepositions (in, on, of), articles (a, an, the) or conjunctions (and, or). Despite

their frequency, such words do not indicate semantically important topics. It is typical to define a

stopword list consisting of such words.

The problem of stopwords indicates a more general problem – frequency simply does not cor-

relate with semantic importance. A standard way of addressing this is to use a different metric:

Term Frequency Inverse Document Frequency (tfidf). The idea of this metric is to reward words

for appearing frequently in the particular text of interest, but to penalize words that generally tend

to appear frequently across many texts.

This penalty is captured by the inverse document frequency (idf) [48], which is

idf = log(D/d)

6



Visualizing News Data Streams

where D is the total number of documents, and d is the number of documents where the term

occurred. Thus, idf is smaller for terms that occur in many documents. The tfidf value is

computed with the following formula

tfidf = tf ∗ idf

where tf is simply the number of times the term appears in the current document – in our case the

selected news data stream. In the current study, we have selected several topical news data streams,

by selecting all articles in a certain period mentioning a certain key term, such as Internet, Terror

Attack or Immigration. So in these cases, the document is considered to be the currently selected

news stream, and we compute term frequency as all the occurrences of a term within that news

data stream. To compute the inverse document frequency, idf , we selected a large collection of

proceedings from the European Parliament (Europarl) [32]. The Europarl collection is a standard

resource in Natural Language Processing, because it provides a large reference for standard language

use for all the major European languages. It is thus excellent for our purpose, which is to measure

the typical frequency of words across many texts.

The importance of a given term i, for a given time period t, is given by:

ωi,t = tfi,t ∗ idfi

where tfi,t is computed for the news text of interest in time period t, and idfi is computed in the

general background text, namely the European Parliament proceedings.

3.2 Relatedness

It is not enough to compute the relative importance of terms in a news stream. Some terms are

closely related to other terms. For example, in the news data stream on the keyword Immigration,

the terms muslim, scarf, and immigrant background are closely related.

It is widely acknowledged that cooccurence data can provide some valuable information about
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the meaning of a term, a kind of semantic signature, and that similarity of the context of two words

provides a guide to their degree of semantic relatedness [25]. We compute the relatedness between

terms by using word embeddings for each term, i.e., high-dimensional vectors, using the Python

gensim package [56], which implements word2vec. Using word2vec, the word embedding is built by

training a neural network to predict the probability of cooccurence for pairs of words – given a pair

of words such as, say, table and chair, the network yields the probability of these two words in fact

coocurring. By cooccurence, we mean that the two words appear either adjacent to each other, or

separated by at most ` words, where we have chosen ` = 3 in our case studies in Section 5. The

neural network is constructed through a training phase, in which the network is presented with a

large corpus of text data. In this case, we used a corpus of data consisting of 55,000 news articles

from the online site of Jyllands-Posten, a major Danish newspaper.

The training process of the network involves setting weights for a large number of features for

each word in the vocabulary – in our case studies, this number is set to 300. This results in a

sequence of 300 real-valued numbers for each word in the vocabulary. We can then compare these

values for different words – since the values have been set to predict cooccurence observations, one

might expect that similar words would tend to have similar values. Indeed, this expectation has

been confirmed in a great deal of recent work, see, for example, [40, 54].

We use the gensim method, similarity, which computes the cosine distance between two

vectors. This gives a value ranging from -1 to +1, with higher values denoting higher degrees of

similarity. We then convert this to a dissimilarity value ranging between 0 and 1, with 0 the most

similar and 1, the most different. Thus for a given pair of terms i and j and a given time period,

we define the dissimilarity δij,t between terms i and j in period t as follows:

δij,t = 1− (similarityij + 1)/2,

where similarityij is the value returned by similarity when applied to terms i and j. Note that
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this dissimilarity is time-independent, but our approach would still be valid for time-dependent

ones.

The dissimilarity, and in turn the relatedness, provides a crucial element to our visualization

model, namely a basis for grouping terms together, or placing them far apart. Such groupings can

provide insightful generalizations about categories of terms that occur in a given news data stream.

As described below, we produce a visualization where terms are placed on the visualization region

in a way that is as faithful as possible to their semantic relatedness, while a given term will tend

to appear in the same area on the visualization region. Because of this, an ordered time sequence

of visualizations will behave as a kind of animated conceptual space, helping to show how terms

gain or recede in importance over time.

4 The visualization model

In this section, we present a Mathematical Optimization model and a numerical optimization

approach for the visualization in the region Ω = [0, 1]× [0, 1] of the words in N and the attributes

returned by the Natural Language Processing analysis ωi,t and δij,t. For convenience, we denote

the cardinality of N by N . Ours is an online approach: the first T0 − 1 plots are already available

for words appearing in those periods, and our goal is to construct the next T − (T0 − 1) plots, for

words appearing in those periods, N . Without loss of generality, we assume that the first N0 words

in N appear in the time horizon {T0 − S, . . . , T0 − 1}, with S ≤ T0 − 1. These N0 words will play

an important role when ensuring visual stability with the plots at hand.

We display the words using circles. Let τ be a common positive scale factor for all circles

and all periods. For each i and t, word i is represented in the visualization map associated with

time period t by the circle Ci,t(ci,t) centered at ci,t ∈ R2 and of radius τωi,t. This means that the

importance ωi,t is represented by the area of circle Ci,t(ci,t) exactly up to the scale factor τ , which
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can be seen as an aesthetics parameter to be chosen by the user to control the amount of area of Ω

to be covered by the circles. The dissimilarity δij,t is represented by the infimum distance between

circles Ci,t(ci,t) and Cj,t(cj,t), up to the scale factor κ, defined as

d(Ci,t(ci,t), Cj,t(cj,t)) = min
bi,t∈Ci,t(ci,t),bj,t∈Cj,t(cj,t)

‖bi,t − bj,t‖ ,

where ‖ · ‖ denotes the Euclidean norm.

The location of the circles in the visualization region is guided by the weighted average of three

criteria, F = λ1F1 + λ2F2 + λ3F3, λ1, λ2, λ3 ∈ [0, 1], and λ1 + λ2 + λ3 = 1. In turn, they model the

accurate representation of the dissimilarities, the spread of the words in the visualization region to

improve the aesthetics of the visualization, as well as the visual stability over the time horizon. In

what follows, we formalize the definition of the three criteria, see also [7, 10].

To quantify the resemblance of the distances between circles in the online visualization map

to the dissimilarities between the corresponding words, we use the summation of squared errors,

yielding

F1(c1,T0 , . . . , cN,T ) =
T∑

t=T0

∑
i,j∈N (t)

i 6=j

[d(Ci,t(ci,t), Cj,t(cj,t))− κδij,t]2 ,

where N (t) is the set of words appearing in period t, t = T0, . . . , T .

To ensure the spread of the circles across the visualization region Ω, we use the summation of

the squared distances, yielding in a minimization form

F2(c1,T0 , . . . , cN,T ) = −
T∑

t=T0

∑
i,j∈N (t)

i 6=j

d2(Ci,t(ci,t), Cj,t(cj,t)).

To ensure a smooth transition between close visualization maps, we want words appearing in a

similar location across the time. We model this through the distance between centers. We denote

by S the smoothing window and by ηs ≥ 0, s = 1, . . . , S, the smoothing parameters. We use the
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distance between ci,t and the ones in the S previous periods, ci,t−s, scaled by ηs, yielding

F3(c1,T0−S , . . . , cN0,T0−1, c1,T0 , . . . , cN,T ) =
T∑

t=T0

S∑
s=1

ηs
∑

i=1,...,N0

‖ci,t − ci,t−s‖2

+
T∑

t=T0

min{S,t−T0}∑
s=1

ηs
∑

i=N0+1,...,N

‖ci,t − ci,t−s‖2.

In summary, our Mathematical Optimization model seeks the values of the variables ci,t, i =

1 . . . N ; t = T0, . . . , T , so that circles Ci,t(ci,t) fall inside Ω, and the F is minimized. The Online

Visualization Map (OnViMap) problem is stated as follows

minimize F (c1,T0−S , . . . , cN0,T0−1, c1,T0 , . . . , cN,T )

s.t. Ci,t(ci,t) ⊆ Ω, i = 1, . . . , N ; t = T0, . . . , T

ci,t = c̄i,t, i = 1, . . . , N0; t = T0 − S, . . . , T0 − 1

ci,t ∈ R2, i = 1, . . . , N ; t = T0, . . . , T,

(OnV iMap)

where c̄i,t, i = 1, . . . , N0;T0 − S, . . . , T0 − 1, are centers in the plots at hand for the first T0 − 1

periods.

Our numerical approach has this Mathematical Optimization model as the basis. Using the

results in [7], we can show that (OnViMap) has a difference of convex objective function with

an amenable decomposition, namely a separable function with quadratic and linear terms. In

addition, the feasible region is defined by box constraints. Both of these features ensure an efficient

implementation of the Difference of Convex Algorithm [39], an iterative procedure in which the

concave term in the objective function is replaced by a linear majorization, yielding problems that

are very tractable, namely convex quadratic problems in one variable.

Therefore, our approach is flexible, since it is based on Mathematical Optimization modeling,

allowing for user interaction, being able to incorporate, e.g., constraints on the position of certain

words. It is also incremental, since new words can be incorporated as they arrive, and it is scalable,

since the problems solved in each iteration are computationally cheap. In addition, our approach
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can easily incorporate other desirable features. It is possible to model other criteria to guide the

optimization, such as the compactness of the display and the avoidance of overlapping; to use

other types of glyphs to represent the words, such as rectangles, whose size would depend on the

importance of the words but also on their lengths, [7]; and to have dynamic visualization regions

that change over time, [14].

5 Case studies

5.1 Introduction

We have described a tool which displays the importance of terms as well as the dissimilarities

between them, and produces visualizations based on news streams that develop over time. We

have applied the tool to three case studies using data from Danish news sources. In Section 5.2,

we explain how the data for the visualization has been extracted and how the parameters of the

mathematical modeling have been set. In Section 5.3, we present the online visualization map for

each case.

5.2 Data and parameter setting

Each case study is defined by a Danish keyword and a time frame. We have chosen Internet (also

Internet, in English) from 1994-1997, Terrorangreb (Terror Attack, in English), from 2001-2015,

and Indvandring (Immigration, in English), from 1995-2015. The news data streams are collected

using the Infomedia Media Archive [30], a comprehensive collection of media sources in Denmark.

For each keyword, we select all articles in each period of the given time frame that contain

the keyword, and extract the words from those articles. For Internet, this yields 7,033 articles,

containing 4,457,420 words; for Terrogangreb, 27,549 articles, containing 20,276,933 words; and for

Indvandring, 12,286 articles, containing 10,994,755 words.
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The importance of each word is calculated as described in Section 3.1. The set of words to

be plotted, N , consists of the 20 most important ones in each period. For Internet, we have

N = |N | = 40; for Terrogangreb, N = 127; and for Indvandring, N = 202. The dissimilarity

between the words in N is calculated as described in Section 3.2. The words, their importance

and dissimilarity can be found in https://dataverse.harvard.edu\/privateurl.xhtml?token=

63d03f6c-c444-4e27-a1e3-3c242cb1bc06.

In the Mathematical Optimization modelling, we have chosen as scale factors

τ =
1

max
t

N∑
i=1

ωi,t

· 0.10

κ =
N(N − 1)T

T∑
t=1

∑
i,j=1,...,N

i 6=j

δij,t

· 0.30.

To ensure visual stability, we have chosen S = 1 and η1 = 1. In the objective function F , we have

chosen λ1 = 0.45, λ2 = 0.15, λ3 = 0.40. Finally, and without loss of generality, we assume that

T0 = 1, i.e., there are no plots at hand from previous periods.

5.3 The visualizations

In this section, we present the visualization of each case study. Note that the label corresponding

to each word has a font size proportional to its importance.

For the Danish keyword Internet (Internet), there are N = 40 words, which can be found in

Table 1 as well as their translation into English. To give an idea of how these words cluster around

each other using the dissimilarities, a hierarchical Cluster Analysis has been performed, yielding

the dendrogram depicted in Figure 1. The visualization map can be found in Figures 2-5, where

words appearing new with respect to the previous period are underlined, to help the user with this

identification process. The importance of the words is clearly time-dependent, and there are some
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words that only feature in one period out of the four periods, such as ‘Diatel’ (1995), a Danish

videotex online service accessible through telephone lines, and ‘Telia’ (1996), a telephone company

in Denmark. Even though the dissimilarity between words is time-independent, it is affected by

words entering/leaving set N (t) from one period to the next. Nevertheless, our plots preserve

these dissimilarities reasonably well. From the dendrogram in Figure 1, we can see words ‘Telia’,

‘IBM’, ‘Apple’, ‘Microsoft’, ‘Diatel’, ‘PBS’, ‘Tele Danmark’ and ‘UNI-C’ clustering together. In

the visualization map, these words are placed on the right side of the plot and close to each other.

This is especially true for ‘Apple’ and ‘Microsoft’, which are present in all 4 periods.

For the Danish keyword Terrorangreb (Terror Attack), Table 2 contains the N = 127 words

and their translation into English, while their dendrogram can be found in Figure 6. The vi-

sualization map can be found in Figures 7-21. The words ‘terrorangreb’ and ‘Al-Qaeda’ feature

prominently in each period, and they are located close to each other on the left-top corner of the

visualization region. Examples of words that feature in fewer periods are ‘tegninger’ (drawings)

and ‘profeten’ (the Prophet), that appear for the first time in 2005 and reappear in 2015. From

the dendrogram in Figure 6, we can see words ‘PET’, ‘PST’, ‘Pentagon’, ‘FBI’, ‘CIA’ and ‘NSA’

clustering together. In the visualization map, these words are placed around the anti-diagonal of

the visualization region and close to each other. This is especially true for ‘PET’ (Danish Security

and Intelligence Service) and ‘CIA’, which are present in almost all periods.

For the Danish keyword Indvandring (Immigration), Table 3 contains the N = 201 words and

their translation into English, while their dendrogram can be found in Figure 22. The visualiza-

tion map can be found in Figures 23-43. The keyword Immigration shares several words with

the previous one (Terror Attack), including the names of several Danish and Swedish political

parties. The political parties are clustered around each other in the dendrogram, ‘Ny Alliance’,

‘Sverigedemokraterne’, ‘Kristeligt Folkeparti’, ‘Fremskridtspartiet’, ‘Dansk Folkeparti’ (also known
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as DF), ‘SF’ and ‘Venstre’. In the visualization map, these parties appear close to each other on

the right hand side of the visualization region.

6 Conclusions

In this paper we have developed a novel and flexible online framework for the visualization of news

data streams. We have combined techniques from Natural Language Processing and Mathematical

Optimization to extract the most relevant words associated with a given keyword, compute their

importance and their relatedness, and build an online visualization map. In this map, the words

have been represented by circles, the area of which indicate the importance of words accurately,

and that are placed in the visualization region following three criteria, namely, resemblance of the

distances between circles to the dissimilarities, spread of the circles across the visualization region

and stability of the position of the circles across the time horizon. Our Mathematical Optimization

approach can incorporate constraints defined by the user, other criteria to guide the optimization,

other glyphs to represent the words, and a dynamic visualization region that changes over time.

We have presented three case studies, using data from Danish news sources, and based on these

studies we argue that the tool provides a level of insight beyond that of previously described work.

There are several interesting lines for future research. First, the modeling approach in this paper

is flexible and allows for desirable functionalities of data exploratory tools, such as the comparison

of topics [17]. This boils down to modeling visual stability across topics, similar to the way in

which we have modelled the visual stability across time, ensuring that words appear in a similar

location across different topics. Second, the approach proposed in this paper can be extended to

cope with other types of data streams that exhibit both temporal and semantic structure. For

example, product reviews are similar to news data in possessing temporal and semantic structure.

The techniques described in this paper could therefore be useful in review mining to gain insights in
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customer experience [63]. Third, we plan to explore more sophisticated linguistic structures in our

analysis, which currently is restricted to individual, frequently occurring words or short phrases.

In future work we will provide a more systematic treatment of multiword phrases. Fourth, in the

current work the importance of a given word is based solely on the occurrences of that word. A

more sophisticated treatment might involve clustering of similar words, so that what is displayed

is a label selected to represent the importance of a group of similar words.
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Figure 7: Visualization map for Terror Attack in 2001
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Figure 14: Visualization map for Terror Attack in 2008
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Figure 15: Visualization map for Terror Attack in 2009
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Figure 16: Visualization map for Terror Attack in 2010
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Figure 17: Visualization map for Terror Attack in 2011
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Figure 18: Visualization map for Terror Attack in 2012
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Figure 19: Visualization map for Terror Attack in 2013
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Figure 20: Visualization map for Terror Attack in 2014
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é

Is
la

m
is

k
S
ta

t
Is

la
m

ic
S
ta

te
N

ø
rr

e
b
ro

N
ø
rr

e
b
ro

U
ll
a

D
a
h
le

ru
p

U
ll
a

D
a
h
le

ru
p

d
ig

te
p

o
e
m

s
J
a
m

a
l

J
a
m

a
l

O
b
a
m

a
O

b
a
m

a
u
lv

e
w

o
lv

e
s

d
in

g
o
e
n

d
in

g
o

J
e
p
p

e
J
e
p
p

e
O

d
e
n
se

O
d
e
n
se

u
rf

u
g
le

n
g
ro

u
se

d
ra

b
sf

o
rs

ø
g

a
tt

e
m

p
te

d
m

u
rd

e
r

J
o
se

f
J
o
se

f
O

L
O

ly
m

p
ic

G
a
m

e
s

v
a
m

p
y
r

v
a
m

p
ir

e
d
re

n
g
e

b
o
y
s

jy
d
e
r

J
u
tl

a
n
d
e
rs

o
p
g
a
n
g
e
n

e
n
tr

y
w

a
y

V
a
n
g
sg

a
a
rd

V
a
n
g
sg

a
a
rd

D
S
K

D
S
K

jy
sk

e
N

a
ti

v
e

J
u
tl

a
n
d

O
R

G
O

R
G

v
e
lf

æ
rd

st
u
ri

sm
e

w
e
lf

a
re

to
u
ri

sm
d
ø
rm

æ
n
d

d
o
o
rm

e
n

J
ø
n
k
e

J
ø
n
k
e

p
a
k
is

ta
n
e
re

P
a
k
is

ta
n
is

V
e
n
st

re
V

e
n
st

re
E

C
R

I
E

C
R

I
K

a
re

n
J
e
sp

e
rs

e
n

K
a
re

n
J
e
sp

e
rs

e
n

P
E

T
P

E
T

V
e
st

e
rb

ro
V

e
st

e
rb

ro
E

g
tv

e
d
p
ig

e
n

E
g
tv

e
d
p
ig

e
n

K
a
ss

e
m

K
a
ss

e
m

P
h
D

P
h
D

v
il
d
sv

in
b

o
a
r

E
k
st

ra
B

la
d
e
t

E
k
st

ra
B

la
d
e
t

K
e
n
n
e
th

K
e
n
n
e
th

P
ia

K
jæ

rs
g
a
a
rd

P
ia

K
jæ

rs
g
a
a
rd

V
il
ly

S
ø
v
n
d
a
l

V
il
ly

S
ø
v
n
d
a
l

e
lg

m
o
o
se

K
h
a
d
e
r

K
h
a
d
e
r

P
im

F
o
rt

u
y
n

P
im

F
o
rt

u
y
n

V
o
ll
sm

o
se

V
o
ll
sm

o
se

E
sb

je
rg

E
sb

je
rg

K
h
a
le

d
R

a
m

a
d
a
n

K
h
a
le

d
R

a
m

a
d
a
n

P
O

E
M

P
O

E
M

W
a
ll
a
it

K
h
a
n

W
a
ll
a
it

K
h
a
n

E
sk

e
E

sk
e

k
o
n
ta

n
th

jæ
lp

c
a
sh

a
ss

is
ta

n
c
e

p
ro

fe
te

n
P

ro
p
h
e
t

W
il
d
e
rs

W
il
d
e
rs

F
a
c
e
b

o
o
k

F
a
c
e
b

o
o
k

K
ra

sn
ik

K
ra

sn
ik

R
a
b
in

R
a
b
in

Y
a
h
y
a

H
a
ss

a
n

Y
a
h
y
a

H
a
ss

a
n

fa
m

il
ie

sa
m

m
e
n
fø

rt
e

re
u
n
it

e
d

fa
m

il
y

K
ri

m
C

ri
m

e
a

R
B

R
B

Å
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Ö
z
le

m
Ö
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Visualizing News Data Streams
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Figure 23: Visualization map for Immigration in 1995
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Figure 24: Visualization map for Immigration in 1996
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Figure 25: Visualization map for Immigration in 1997
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Immigration 1998
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Figure 26: Visualization map for Immigration in 1998
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Figure 27: Visualization map for Immigration in 1999
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Immigration 2000
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Figure 28: Visualization map for Immigration in 2000
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Immigration 2001
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Figure 29: Visualization map for Immigration in 2001
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Figure 30: Visualization map for Immigration in 2002
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Immigration 2003
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Figure 31: Visualization map for Immigration in 2003
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Figure 32: Visualization map for Immigration in 2004
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Immigration 2005
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Figure 33: Visualization map for Immigration in 2005
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Immigration 2006
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Figure 34: Visualization map for Immigration in 2006
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Immigration 2007
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Figure 35: Visualization map for Immigration in 2007
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Immigration 2008
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Figure 36: Visualization map for Immigration in 2008
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Immigration 2009
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Figure 37: Visualization map for Immigration in 2009
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Immigration 2010
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Figure 38: Visualization map for Immigration in 2010
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Immigration 2011
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Figure 39: Visualization map for Immigration in 2011
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Immigration 2012
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Figure 40: Visualization map for Immigration in 2012
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Immigration 2013
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Figure 41: Visualization map for Immigration in 2013
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Immigration 2014
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Figure 42: Visualization map for Immigration in 2014
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Immigration 2015
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Figure 43: Visualization map for Immigration in 2015
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