
easier to interpret due to the fact that many short

unrelated themes are discarded and the strict theme

ordering criteria according to popularity are relaxed.

To avoid a loss of possible interesting stories, it is, for

example, recommended to filter out all 1-day stories

by moving the slider at the top right. The next useful

filtering step is to select the ‘‘minimize edges’’ check-

box. From now on, the user can follow the flow of

stories over 30 days since positioning does not only

depend on a theme’s popularity for each day but also

on the theme’s position on the previous day.

After interactive filtering and automatic layout opti-

mization, the user can follow the ongoing stories in the

main view. By looking at the top keywords and enter-

ing the zoomed view, the user can identify from the

main view, shown in Figure 10(a), that the green and

purple-gray colored themes cover the riots in Tunisia.

The growing importance of these events in the news is

Figure 9. Highlighting with tooltip information.
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coherent to the reports in the Wikipedia’s Current

Events portal (http://en.wikipedia.org/wiki/

January_2011). The portal lists all occurrences in 1

month and also provides a snippet with a short sum-

mary of each event. For 12 January 2011, the snippet

about the protests states the following: ‘‘Tunisia’s

Interior Minister Rafik Belhaj Kacem is sacked by

President Zine El Abidine Ben Ali, who also orders

the release of most people detained during recent

unrest.’’ At this point in time, Zine El Abidine Ben

Ali, the President of Tunisia, is in the focus of the

event. From now on, the suspension of the Interior

Minister becomes an important event and the main

view absolutely conforms with the political events. To

discriminate between the events that belong to this

long story, keywords and phrases are displayed. In this

case, ‘‘minister’’ or ‘‘president’’ is the characteristic

term. Nevertheless, these topics are still connected

because the protests were against the entire govern-

ment, including the ministers and Ben Ali.

For detailed analysis, the semantic zoom, as shown

in Figure 10(b), reveals more information about both

themes. This level of detail shows us clearly what we

already briefly identified in the main view. The docu-

ments, which were assigned to the ‘‘Interior Minister’’

topic, refer to the event that was mentioned before.

The first three titles are about the sack of Rafik Belhaj

Kacem in the context of violent protests. In contrast,

Zine El Abidine contains documents that refer to him.

As we can observe in Figure 10(b), there is still some

noise included—the fourth and fifth documents do

not belong to the topic but were highly ranked by the

‘‘most important title’’ algorithm.

In the second week of the given time window,

Tunisia and Zine El Abidine is still a major topic in the

news. The Current Events portal reports about Tunisia’s

army firing on the citizens, governmental changes, and

the dismissal of more ministers from the Constitutional

Democratic Rally party that had governed the country.

This textual information, represented in a list view

where no context is visible, is mapped as an ongoing

stream in the main view. Zine El Abidine remains a rep-

resentative main phrase, and self-explanatory keywords

such as ‘‘government,’’ ‘‘quit,’’ ‘‘minister,’’ ‘‘fallen,’’ ‘‘vic-

tims,’’ and ‘‘revolution’’ mirror the actual state.

Riots in Egypt

Figure 11(a) shows a filtered view from 6 to 10

February 2011. We can easily identify that the news

were dominated by the riots in Egypt. Several different

stories reporting on the same topic appear in this view.

Omar Suleiman, a former Egyptian army general and

Hosni Mubarak’s Vice President, plays an important

role here. The reason can be identified by reading the

top title words. The daily cluster shapes contain the

terms about the ‘‘Muslim Brotherhood’’ and a possible

opposition. At this stage, Omar Suleiman and the

Brotherhood were discussed as possible successors of

Hosni Mubarak. Other protagonists, like Hillary

Clinton or Barack Obama, were also involved in the

discussions. Besides, different topics such as the

cricket World Cup and the story about Julian Assange

appear among the most important.

By scrolling the main window horizontally back into

the past, the user can see that the Tunisia and Yemen

protests dominated the streams and built up a large

number of stories, similar to what we discovered dur-

ing the riots in Egypt. We selected a split of one theme

into several ones as one of many interesting patterns of

the news flow to demonstrate the effectiveness of our

system in describing story splitting patterns. As Figure

11(b) reveals, the Muslim Brotherhood was displayed

as a root theme, which leads to Omar Suleiman as a

new ongoing theme.

At that point, severe discussions about the opposi-

tion and possible successors broke out. Both the

Muslim Brotherhood and Omar Suleiman were part of

these discussions. Figure 11(c) shows the result of

applying the semantic zoom on the two themes. The

documents assigned to each topic help to understand

the causes for this split. As the user can identify, each

of them has individual titles like Door opened for Muslim

Brotherhood and Suleiman, in new role, counts cost of

Egypt turmoil. These titles discriminate clearly between

topics. However, the discussion about the opposition

and the possible successors are connecting points for

these events. This mixture causes a split, which is in

this case justifiable. As described in section ‘‘News

story clustering,’’ the splitting and merging of themes

are dependent on previously defined similarity thresh-

old. To be more concrete, a split will be defined if the

calculated Jaccard similarity coefficient is less than

30%. However, depending on each concrete use case,

this parameter needs to be fine-tuned since it is possi-

ble that a split or merge is identified, while it should

not, or the other way around.

User study

We recruited eight users to test our prototype in order

to get an initial feedback on our approach in an infor-

mal user study. The participants were experts from

social sciences (five) and computer science (three). At

the beginning, they were provided a short introductory

session, in which the visualization was explained first

and then the users were free to explore the interaction

capabilities of the system. This phase took about 15
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min, depending on the questions the users had about

the data, visualization, and interaction techniques.

Our aim was to understand how the users perform

the following tasks: (1) finding important stories, (2)

finding the most interrelated stories, and (3) ease of

interaction with the system. We encouraged the par-

ticipants to openly comment and express their opin-

ion on the system and share their findings during

the study. At the end, we conducted an interview to

get their feedback about the overall experience with

the tool. The user study led to the following

observations.

Overview first. The users spent considerable amount

of time performing analysis in the Overview visualiza-

tion. They used this view to filter out the short stories,

reorder the long stories, and, in general, to get the

basic understanding of the whole dataset. They used

this view to significantly reduce the dataset to only the

most important stories and then switched to the Main

View.

Cluster labels. All participants complained that the

daily cluster labels were not informative enough when

Figure 11. Riots in Egypt: (a) filtered main view from 6 to 10 February 2011, (b) splitting of a single story into two
different topics on the next day, and (c) zoomed views of the ‘‘Muslim Brotherhood’’ and ‘‘Omar Suleiman.’’
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the Lingo algorithm was used. They also suggested

better use of space within each daily cluster box in the

Main View, by adding more detailed cluster

descriptions.

Use of color. In the beginning, some participants felt

misled by the use of the same color for different stor-

ies. After getting used to the color mapping, they did

not complain about this feature.

Our limited user study showed us that our approach

was well received within the initial user group, regard-

less of their professional background. However, we

consider doing a more detailed user study in the

future.

Discussion

The visualization in our system can be seen as similar

to parallel coordinates,25 which is a well-known tech-

nique for visualizing high-dimensional data. In parallel

coordinates, each attribute from the dataset is assigned

an axis (coordinate), on which data points are plotted

and connected for each record, creating polylines.

Although several attempts for visualizing nominal data

exist,26,27 parallel coordinates are mostly used to visua-

lize high-dimensional numerical data. The axes are

scaled to the minimum and maximum values for each

attribute in order to make detection of patterns easier.

The visual similarity between the two approaches

exists in terms of using equidistant parallel axes as

anchors for data objects; however, there are several key

differences coming from the different tasks that are

performed and the nature of the data that is being

visualized.

Parallel coordinates are usually applied on high-

dimensional (usually numerical) datasets, where miss-

ing values are rare and the goal is to find patterns of

similar polylines from different records. In our case,

news stories can last for only 1 day or they can span

over several days, with different start and end dates.

Besides, the stories can split and merge, creating a

more complex data structure than simple data tuples.

Theoretically, we could clone each story cluster that

splits into two clusters to create separate data records,

but this redundancy does not seem practical and bene-

ficial. The goal of our visualization is to (1) identify

most important news stories in a longer period of time

and (2) understand their development over time. This

differs from pattern detection in parallel coordinates,

where the user expects to find similar records across

all axes.

Moreover, our ‘‘axes’’ contain ordinal data, that is,

daily story clusters, which are sorted by a predefined

ranking criterion (cluster strength or the number of

articles in the cluster). In the interactive exploration

phase, the ranking is relaxed by allowing the user to

reorder clusters using an algorithm that minimizes

edge crossings to improve the legibility of the visualiza-

tion. This option provides better story tracking and

split/merge detection.

Alternatively, we could have used equidistant points

on each axis to encode cluster ranking. Since each

cluster’s size is mapped to its height, this would create

gaps between the clusters on each axis, and the infor-

mation about the absolute number of articles for each

day would be lost. Our design provides visually more

compact representation of the dataset. Finally, the

axes in parallel coordinates can be reordered to make

comparison between the neighboring axes easier. This

possibility, although feasible, is not supported by the

real-world tasks in our case since our attributes (i.e.

axes) are days.

Conclusion and future work

In this article, we have presented a visual analytics sys-

tem for exploration of news stories development and

their relationships. Our approach helps in understand-

ing the evolution of long and short stories in a wide

time frame, merging and splitting of stories, as well as

fine-detailed analysis of story content on three differ-

ent levels of detail. The incremental processing and

visualization of unstructured and semi-structured text

data allow the application of the system on the real-

world news data streams. The global overview visuali-

zation helps in identifying the major news stories over

a long period of time, and it is enriched with the inter-

action techniques to filter and re-rank stories on vari-

ous user-adjustable criteria in order to provide a

clutter-free display. Finer-granulated views that corre-

spond to shorter time windows allow analysis of news

stories with higher level of detail, up to the textual

content of each news article itself. We have demon-

strated the effectiveness of our approach on a real-

world news stream and described the news stories and

their content that were found with our system.

In the future, we plan to refine our document clus-

tering module to enhance the informative context of

story labels and test the system with sliding and dyna-

mically adjustable time windows. Additionally, we plan

to replace the splitting and merging thresholds, which

are currently based on empirically adjusted values to a

more refined and less data-dependent automatic algo-

rithm. Our research efforts will continue in the direc-

tion of integrating incremental text analysis with novel

visualization methods that will enable information ana-

lysts to analyze and understand growing document col-

lections more effectively and efficiently.
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