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Data of historical figures and events are multi-dimensional, as they contain spatial,
relational, categorical, temporal, and muli-medial facets. In this field of research, not a
single visualization can display all relevant aspects. Therefore, I divide the visualizations
depending on the data facets they highlight: Biographies, relations, movement behavior,
historical items, and coherences between events. This seminar report outlines several
visualization approaches in the introduced classes. In the end, it highlights relevant
visualization aspects for the project group “HifiBot”, where we want to answer questions
about the life of historical figures using visualizations. It concludes that map and timeline
visualizations will be highly beneficial because they are diverse techniques for most of
the introduced data classes.
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1 Introduction

When talking about historical figures and events, we have to connect many different data
dimensions. One person’s biography does not only contain the lifespan, the visited places,
contributions in textual or multi-media format [11], and relations to other persons, but
also events in which they participated.

Events, as a part of a person’s biography, also are located in space and time. They can
last for one moment or any period [11]. Furthermore, events are neither random nor
isolated but are connected as a cascade or tapestry of interwoven events. Finding causes
of historical events and the collective behavior of people are aspects of a historian’s work.
Often they struggle with fragmentary evidence of what happened. Also, the unreliability
of the present evidence is problematic [1].

When working with historical data, one has to consider the underlying uncertainty and
deal with missing data. Even spatial components, given by events or persons’ locations,
are not consistent during history - they tend to develop in time. This concerns the
geographical aspect and also applies to countries replacing each other [11].

Thus, in a historical context we have spatial, relational, categorical [13], and multi-
medial [11] data. All of these diverse data dimensions are furthermore time-oriented
[13]. Therefore, time is a particular component in historical data, as it clamps together
different aspects and data dimensions in the historical observation.

In this context of complex, interwoven data, visualization techniques are used to highlight
different aspects of historical data.

In this work, I first introduce the relevant visualization techniques used in the presented
examples to display historical figures and events in chapter 2. Afterward, chapter 3
explains how different approaches highlight particular aspects of historical data. Next,
I point out how this seminar topic could influence our project group “HifiBot - Did
Einstein meet Schrödinger? A Chatbot System for Analyzing Intertwined Lives of His-
torical Figures” in chapter 4. In chapter 5 the most relevant aspects of this report are
highlighted.
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2 Overview: Visualization Techniques in the
Presented Examples

This chapter gives a short overview over often used visualization techniques in context
of historical figures and events.

Timelines Timelines play an essential role in visualizing temporal data. Commonly,
time is displayed on an axis and ordered in chronological time steps. To show the
temporal aspect of entities, they can be placed onto such a time axis.

When multiple objects are displayed on the time axis in a short period, visual clutter can
appear, disturbing the fast insight into the temporal assignment. Enabling a zooming
interaction is one way to deal with this effect [11].

Maps Historical data sometimes includes spatial information. Maps are abstractions
and simplifications of reality and are known as “the ultimate” graphical representation of
spatial patterns. They offer insights into spatial dimensions while displaying them at one
moment in time. Maps can be enriched by linking additional information like sound,
videos, and pictures to map elements. To tackle the problem of limited information
in map visualizations for readability purposes, interactively changing scales is possible
[9].

If next to the spatial component, a time element is available, maps can tell stories or
explain events. While in some cases, the mapping between space and time can work
out, for most map visualizations combining spatial and temporal aspects are challenging
[9].

Space-Time Cubes Space-Time Cubes reveal temporal patterns in data because of the
inherent display of space and time. In particular, they are suitable to visualize multiple
characteristics of movement data [9].

A Space-Time Cube is a three-dimensional visualization in the shape of a cube. Its
horizontal plane represents space, mostly by displaying a map. The vertical axis shows
the temporal dimension [9].

If used to visualize movement data, three basic concepts can be distinguished: paths,
stations, and prisms. Paths represent the movement of objects through space and time.
Thus, they build a line in the three-dimensional cube. Stations show locations where
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objects linger for some time as a nearly vertical path for a while. Prisms describe the
space, which is reachable within a prior defined time [9].

The Space-Time Cube offers multiple forms of interaction. A rotation to another per-
spective changes the view on the visualized data. Also, the map can be moved along the
vertical axis so that it follows the trajectory. This shift leads to a better perceptiveness
of the location of the path at the current time. Selecting periods or specific objects can
be used to reveal temporal aspects within a Space-Time Cube [9].

The three-dimensional Space-Time Cube allows the user to change his perspective and
analyze the shown path in more detail. Additionally, the interaction complexity may be
overwhelming for non-expert users. The constrained scalability to multiple movement
data is another limitation of this visualization technique.

Graphs Graphs consist of nodes and edges. Nodes represent objects, which are con-
nected with edges. Edges, therefore, express the relation between these nodes. There
are two types of edges: Bi-directional edges, which indicate that the relationship is the
same for the connected nodes, and uni-directional edges symbolizing a relation from one
node to the other. Also, the edge can be weighted so that a value is assigned to the
relation. When the edge is weighted, a force-directed alignment of the nodes is possible.
In force-directed graphs, nodes with a high relation are displayed nearer while closely
connected nodes are further away from each other.
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3 Visualizations of Historical Figures and Events

Historical data can be spatial, relational, categorical, and multi-medial, while all of
these are time-oriented. There exist many visualizations to display historical data in
the context of historical figures and events, but none can highlight all relevant aspects
alone. Therefore, I divided this section regarding the highlighted aspects in the presented
visualizations: biographies (section 3.1), relations (section 3.2), movement behavior (sec-
tion 3.3), historical items (section 3.4) and coherences between events (section 3.5).

3.1 Biographies

Biography data is composed of multiple data dimensions where every dimension is time-
orientated [13]. They are used to gain insights into one persons life or compare a person
or group to another.

Events of Historical Figures Events are a part of a person’s biography and give insights
into the temporal and spatial data aspects. Because of their affiliation with a specific
person, they take place in a person’s life period. To order events in chronological time,
using timelines is a common method.

One example of this is Leskien et al.’s tool for prosopographical research. Here the
timeline is split into four rows representing different biographical event categories: family
events, career events, achievements, and mentions of honor. The events have different
colors, depending on their category (Figure 3.1). A map displays the spatial component
of the event. The markers’ colors in the map correspond to the event colors for better
recognition. The size of the markers is determined by the number of events in the selected
location. Descriptions of the events are listed on the left side of the window. When an
event is hovered, the corresponding marker on the map gets highlighted. By selecting a
marker via clicking, a modal window opens. It contains a list of people, whose birth or
death took place in the selected location [10].

Insights into Multiple Aspects of a Persons Life Biography data has a high complexity
as it can consist of spatial, relational, categorical, and multi-media data all aligned in
the temporal context.

Space-Time Cubes can visualize multiple aspects of biographical data and their related
time. The horizontal plane can display the biographical data dimension, while the
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Figure 5: Column chart showing the most common employers.

Figure 6: Main page of the Finnish National Biography.

There is a chronological list of life events on the left col-
umn. Events with known locations are shown on the map,
and below there is a timeline showing the timespan of the
events. The timeline spans from a person’s birth to death,
and shows when the career highlights have taken place.
There are four horizontal lines in the timeline for separat-
ing different categories of biographical events, each rep-
resented in a different color: family events (e.g., getting
married, having children), career events (e.g., education,
professional experience), achievements, and mentions of
honor. Corresponding markers on the map follow the same
color schema.
When an event is hovered on the event list or on the time-
line, the corresponding marker on the map gets highlighted.
The size of the marker depends on the number of events re-
lated to that specific location, so the most important places
for a person’s career are emphasized. In the example case,
the visualization is based on the biography of architect
Eliel Saarinen, and Helsinki and Michigan (where he lived
his later years) are emphasized. Data about the places in
Finland was extracted from the Finnish Gazetteer of His-
torical Places and Maps (Hipla) databases and data ser-
vice13 (Ikkala et al., 2016; Hyvönen et al., 2016). Foreign
placenames were linked using the Google Maps APIs14.
For example, the locations of medieval universities in Eu-

13http://hipla.fi
14http://developers.google.com/maps/

rope, towns of the Hanseatic League15, Finnish mansions,
churches, and other well-known buildings were added to
the place ontology using the Google services. The place on-
tology includes locations in different scales, such as coun-
tries, towns, villages, and in some cases even buildings with
a known specified address.

Figure 7: Map and timeline showing events related to the
Finnish architect Eliel Saarinen.

As for prosopographical research, there are two different
views available using Angular Google Maps16. The target
group can be filtered by using a time span slider17 that is
included as a facet for the user to specify a desired range
of years in interest. Other filtering facets include choos-
ing person’s profession, gender, dataset, related companies,
related place, and linkage to external databases.
The visualizations depicted in Fig. 8, show the results of
a SPARQL query corresponding to the facet selections on
Angular Google Maps. The markers on the map show
places of birth in blue and places of death in red color. The
size of the marker corresponds to the number of events that
has taken place in that particular location. Clicking on a
marker opens a modal window containing a list of people
who were born or died at the location.

15https://www.britannica.com/topic/Hanseatic-League
16http://angular-ui.github.io/angular-google-maps/
17https://github.com/angular-slider/angularjs-slider
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Figure 3.1: Maps & timelines: Links spatial and temporal data of biographies [10, p. 4].

vertical axis represents the temporal dimension. Resulting, every behavior translates
into a spatiotemporal trajectory.

Windhager et al. proposed that relations between people can be shown with a graph as
the horizontal basis so that the change of a person’s social network is visible over time,
see Figure 3.2a. For presenting categorical data, a treemap can be used as the horizontal
axis. It emphasizes novel behavioral movement patterns as an analytical perspective of
people’s life (Figure 3.2b). Connecting multiple Space-Time Cubes like geographical,
relational, and categorical Space-Time Cubes enables the visual exploration of biogra-
phies in space-time, shown in Figure 3.2c. It is possible because of the same time period
on the vertical axis. Linking multiple cubes with interactions like brushing or combined
navigations further enhances the interconnectedness of the data [13].

4 AN INTEGRATED VISUALIZATION FRAMEWORK 

BASED ON SPACE-TIME CUBE REPRESENTATIONS 

AND OPERATIONS 

While the following framework has been set up to support data 
and insight integration with regard to cultural collection data [23], 
we extend it to the specifics of biography data, as we are 
convinced that it provides similarly rich options for interface 
design in historical and biographical studies, and to also decidedly 
support information integration between multiple views there. We 
unfold the framework by starting from its geotemporal origins and 
move on to point out its potential to other than geographic aspects 
of biography data. For this demonstration we combine prototype 
visualizations developed across three different research projects 
[24] [25] [23], and a case study exploration conducted with 
biography data  [26]. 

4.1 Setting up Multiple Space-Time Cubes for  
Biography Research 

4.1.1 Geographic Space-Time Cube 

The concept and technique of the space-time cube has been 
developed in human geography to support the visual analysis of 
human movement patterns and the spatial diffusion of innovation. 
The operating principle of this method is to orthogonally blend 
cross-sectional views (horizontal plane) and a temporal view 
(vertical axis) together, which allows to map data points (like the 
spatiotemporal presence of various entities) as a three-
dimensional shape. Every behavior thus translates into the unique 
shape of a spatiotemporal trajectory and enables analysts to 
interpret biographic movements as visual patterns [11][26]. 

We illustrate this option for biography research by displaying a 
selected geotemporal lifeline extracted from the APIS project [4] 
[6] (see Fig. 3). The trajectory shows the life and travels of the 
Austro-Hungarian singer and actor Joszef Szabo, including a tour 
to Paris, Brussels, and Italy in the middle of his career. Figure 4 
shows eight further examples of biographies extracted from the 
APIS database, to hint towards the strengths of a comparative 

approach, where small multiples directly enable comparisons of 
biographical space-time paths, including similarities and 
differences of patterns among different entities [26]. 

4.1.2 Relational Space-Time Cube 

Beyond the geotemporal data domain, space-time cube 
representations can visualize different other data dimensions - in 
combination with time. The resulting trajectories thus can disclose 
the movements of historic individual through further (analytically 
distinguishable) spacetimes, like movement through the social-
relational space of interindividual collaboration or conflict.  
Figure 5 conceptually illustrates this option by the highlighted 
movement of an actor through relational spacetime [24]. 
Depending on the richness of relational-temporal data, this 
enables to frequently follow the movements of historic actors 
from socio-cultural peripheries to structural cores, thus showing 
macro patterns but also detailed interactions of individuals, 
including the development of their network centrality measures. 

4.1.3 Categorial Space-Time Cube 

Given possible categorial spaces in which historic individuals 
have been active (i.e. differentiated fields of activities, 
professions, cultural domains, or knowledge areas), visualizations 
like treemaps can provide a valuable synchronic perspective [16]. 
Thus, by implementing treemaps into categorial-temporal space-
time cubes (see Fig. 6), another analytical perspective onto 
historic spacetime opens up, which discloses novel behavioral 
movement patterns.  

 

 

 

 

 

 

Fig. 5. Visualization of an individual movement through relational-
temporal space, as demonstrated by Federico et al. [24]. 

 

 
 

 

 

 

 
 
Fig. 3. Visualization of an individual biographical trajectory, from a
geotemporal perspective, created with [11] as a case study [26]. 

 

 

 

 

 

 
 
Fig. 6. Visualization of an individual movement through categorial-
temporal spacetime, as demonstrated with regard to mobilities in 
the knowledge space of patent classification by Smuc et al. [25]. 

 

Fig. 4. Small multiples enabling the comparison of eight different
biographical datasets from the APIS project [11] [25]. 

(a) Relational x-axis
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Fig. 4. Small multiples enabling the comparison of eight different
biographical datasets from the APIS project [11] [25]. 

(b) Categorical x-axis

4.2 Linking Multiple Space-Time Cubes 

In analogy to multiple linked views [28], we promote the 
connection of multiple space-time cubes to synoptic ensembles, to 
enable the visual exploration of biographies in multiple relevant 
spacetimes (Fig. 7). The specific line up of cubes – which could 
include various further methods –  naturally depends on available 
data (dimensions) and intended analytical tasks. We consider such 
a synoptic setup to provide an effective visualization environment, 
which could be explored by the means of different interaction 
techniques (like brushing or combined navigation), but also serve 
as a versatile scaffold for the selection of further analytical 
perspectives, including well-established methods of flat 
visualization design (Fig 8).  

4.3 Mediating Multiple Cross-Sectional and  
Temporal Views  

As Bach et al. [22] have shown, space-time cube representations 
can support the cognitive translation and mediation of multiple 
temporal and cross-sectional views by utilizing seamless canvas 
transitions or seamless adaptation of a visualization’s field of 
view [29]. Given the outlined (linked) visualizations of the outer 
right column of figure 2, the other temporal visualizations (i.e. 
layer juxtaposition, layer superimposition, or animation – as well 
as all possible “space-flattened or time-flattened” standard 
perspectives – could be seamlessly generated out of the three-
dimensional arrangements. It is our conjecture, that such seamless 
translations will have a strong easing effect on the preservation of 
mental models of complex time-oriented data, and as such for the 
navigation and visual reasoning – especially as an initial 
technique for non-expert users. 

4.4 From Biographical to Prosopographical Data 

Going beyond single trajectories, the outlined framework is open 
for more complex analyses with bigger prosopographical datasets. 
Prosopography is the domain for studying biographies as seen 
from a collective perspective [30]. For that purpose, groups can be 
visualized as sets, and figure 9 delineates basic flow patterns of 
sets, which in combination can map most complex temporal 
developments of historical groups or collective entities (like 
organizations, religions, art schools, political bodies, fashions, 
disciplines, or any other innovation). As a method for aggregated 
visualization it can complement the display of line-like, individual 
trajectories in geographic or relational spacetimes. 

5 CONCLUSION 

With this paper we argued the need for a visualization framework 
tailored to support the visual analysis of biographical and 
prosopographical data. Going beyond the use of well-established 
multiple but separated views, its main objective is the support of 
insight and information integration for scholars and data analysts 
from a wide range of humanities and historical sciences. We 
consider its added value to consist in the provision of 

● visual-analytical access to rich and multidimensional data, 
supporting visual reasoning and sensemaking,  

● multiple perspectives to generate richer and non-reductionist 
mental models of the available data, and ultimately in  

● the considerate support of scholar’s information integration, 
and of their required macrocognitive syntheses by the means 
of space-time-cube representations and operations.  

Accompanying the challenges arising from the ongoing 
implementation and evaluation, we see future challenges with 
regard to the reflected handling of data quality and uncertainty, 
which  arise from historically fragmented and often disputed data 
sources. Following discussions of data provenance, concepts of 
critical visualization design [31] could help to bring transparency 
into the collective interpretation process. Finally we consider this 
framework as a device not only to communicate results, but also 
to motivate and support the collective critical editing of 
biographical data as co-created trajectory graphs. By the means of 
shared repositories for different scholarly interpretations and 
annotations, variations and controversies could be made 
productive, and lead to a better integrated and more multi-faceted 
understanding of historical knowledge also with regard to shared 
mental models in prosopographical and biographical research. 

 

 

 

 

 

 

Fig. 7. A visualization environment for biography data using multiple
linked space-time cubes. 

 

 

 

 

 

 

Fig. 9. Visualization of temporal developments of sets, showing the
basic evolutionary patterns of groups to be utilized for the
prosopographical research perspective. 

 

 

 

 

 

Fig. 8. Space-time cube representations as means for visual and 
conceptual transitions (blue), preserving and mediating mental 
models about temporal and cross-sectional perspectives [22] [8]. 

(c) Linking diverse biographical data

Figure 3.2: Space-Time Cubes: Multiple dimensions of biographical data [13, p. 3, 4]
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Figure 5: Overview over the 3,856 persons working at Bayerische Staatsoper (2,573), Hochschule für Musik und Theater München (879),
Würzburger Hofkapelle (385) and Freisinger Hofkapelle (176) (right) and musicians’ relations between the Bayerische Staatsoper and the
Hochschule für Musik und Theater (left). Colored edges are intra-institutional, black edges are inter-institutional. The colored boxes show the
affiliations of musicians to different institutions.

further strengthens this hypothesis. But after observing relations
and employments using the meso and close reading views, this hy-
pothesis was rejected as neither musicians from the two traditional
orchestras were employed at the university, nor significant relations
between both person groups were found. Although only showing
a small amount of institutions is discussed (displaying all 20 court
orchestras is not supported by the system), the musicologists ex-
tracted valuable information and summarized a general decline of
the number of musicians at this time caused by the reduced num-
ber of musical institutions. The musicologists further discovered a
high amount of inter-institutional relations between musicians from
the Bayerische Staatsoper and the Hochschule für Musik und The-
ater since its foundation in 1846. In the meso reading view to be
found on the left side in Figure 5, multiple colored parallelograms
highlight persons employed in multiple institutions, and a series of
black edges indicate inter-institutional relations. Using the close
reading view, the musicologists discovered a typical career path for
musicians working at the Bayerische Staatsoper, who often changed
their workplace to the Hochschule für Musik und Theater. Thus,
they became professors and changed from performing to teaching a
musical profession.

Changing Ensemble of the Bayreuther Festspiele One mu-
sicologist used our system to investigate the changing ensemble of
the Bayreuther Festspiele. Figure 6 marks anomalies indicating sig-
nificant changes for the first time visible in the distant reading view
in the form of straight vertical borders. Either a lot of musicians
joined (A, B, E and G) or left (D, F and I) the Festspiele in a single
year. This conclusion can be drawn as for many musicians who
were employed at the Bayreuther Festspiele, not the living dates
but the times of employment—extracted from playbills—are known
to the musicologists. Meso and close reading views accompanied

with profound domain knowledge aided in analyzing these events
interactively. A group of musicians typically left when the Festspiele
were not held yearly, like in the years of World War I and World War
II. Many musicians joined the ensemble after such periods, or when
new operas were introduced. For example, the meso reading view
was used to analyze the employment of 92 musicians in 1876 (B).
One of the musicians was Felix Josef Mottl (selected in the close
reading view) who had been invited to the Bayreuther Festspiele and
who conducted more than 60 performances, including the premiere
of Tristan and Isolde and Ring of the Nibelungs. Additionally, the re-
lation to his student and successor Michael Joseph Balling pops out,
who later spread Richard Wagner’s works in Great Britain, Spain,
Austria and New Zealand. Marker H points to a group of 13 musi-
cians having an uncommonly long employment at the Bayreuther
Festspiele. The reason for this anomaly is yet to be investigated.

Deriving New Relations The latter usage scenario highlights
the need of a visual analysis system to derive unregistered relations
among musicians. For some musicians, the life spans denote their
employment at the Bayreuther Festspiele. Thus, overlapping life
spans suggest relationships that are even more likely when musical
professions are similar. But, as life spans may stand for the actual life
times of musicians, the domain expert needs to decide case-by-case.
A computational approach would lead to numerous false positives. In
a more complex scenario, a musicologist used the system to explore
musicians of the Bayerische Staatsoper between 1870 and 1880,
and he extracted more than 200 new network relations that were
not documented in the data. A sample is given in Figure 7. Yvo de
Vento and Antonius Goswino were colleagues, what is shown in the
meso reading view. Both musicians had similar musical professions
like Caspar Glaner, who also worked at Bayerische Staatsoper in a
very short time frame. With a lookup in secondary literature, the
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Figure 3.3: Prosopographical analysis of biographies with timelines [8, p. 7].

Comparing Multiple Biographies Prosopographical research is a specialized analysis
of biographies to identify similarities or differences in large biographical data.

Some of the previously introduced techniques can be enlarged for multiple biographies,
like the introduced Space-Time Cubes, which offer the possibility of comparing simi-
larities and differences of patterns for groups [13]. Even though Leskien et al.’s map,
Figure 3.1, can display aspects of multiple persons, like comparing the death and birth-
places of Finish clergy [10], the scalability may become problematic.

For comparing the work of groups of persons, their life spans can be visualized onto a
timeline, as proposed by Khulusi et al. As an overview, the life spans of all musicians are
represented by thin horizontal lines as an area graph on the right upper side (Figure 3.3).
Furthermore, they are stacked and sorted to enable time-dependent pattern analysis.
Also, a stacked graph is supported, where quantitative changes and developments are
observable. On the left side, a semantic zoom shows the life spans of musicians as
horizontal bars in greater detail. An icon represents a person’s affiliation to a specific
class on the left side of the bar. Uncertain datings are indicated by triangles, which
point to the direction of the temporal uncertainty. For example, time designations like
“before” create a triangle pointing to the left side, datings like “after” induce a triangle
to the right side. Vertical lines map each bar to the timeline for precise datings. The
selected musician’s biographical information, like his profession and musical institutions,
are shown on demand. It consists of a portrait, if provided, a graph of the selected
musicians’ subnet, and some descriptions. Interactions link these different views. The
user can search for musicians or filter the data after different criteria. Hovering over the
time span in the overview leads to a semantic zoom in the left view. Clicking on an area
in the overview freezes the selected viewpoint. A clicking interaction on the life span
bar grays out all relations not belonging to the selected musician. At the same time, the
corresponding information appears in the details view [8].
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graph is based on the Bio CRM data model4 (Tuominen et
al., 2018), which has been developed to facilitate and har-
monize the representation of biographies and cultural her-
itage data on the Semantic Web. Bio CRM is a domain spe-
cific extension of CIDOC CRM5 (Doerr, 2003), the event-
based ISO standard for representing and harmonizing Cul-
tural Heritage data. It includes structures for basic data
of people, personal relations, professions, and events with
participants in different qualified roles. Bio CRM makes
a distinction between enduring unary roles of actors, their
enduring binary relationships, and perduring events, where
the participants can take different roles modeled as a role
concept hierarchy. The ontology and data infrastructure
used for the Norssi dataset are described in detail in Le-
skinen et al. (2017).

Figure 1: Faceted search for short biographies in the alumni
register Norssit 1867–1992.

The Vanhat Norssit Portal contains two search interfaces,
person pages, and two pages for statistical visualiza-
tions. The search interface (Fig. 1) is based on SPARQL
Faceter (Koho et al., 2016), a tool for creating faceted
search interfaces on a SPARQL endpoint. The interface al-
lows the user to filter the results based on, e.g., people’s
education, profession, place of birth, or on which external
databases he or she has been linked to.
For analyzing and visualizing data statistics of a filtered tar-
get group of people, we created two views based on Google
Chart6 diagrams. On the first visualization page7, the popu-
larity of the most common educations (Fig. 2), universities
and colleges, professions, and employers after the gradua-
tion of the alumni are shown as four pie charts. By making
filtering selections on the facets, the graphics are updated
accordingly. For example, by selecting ”professor” on the
profession facet the employers of the 258 professors in the
data can be seen on the employer pie chart. On the same
page, there is also a Sankey diagram depicted in Fig. 3 that
shows a list of universities on the left side and the corre-

4http://seco.cs.aalto.fi/projects/biographies/
5http://cidoc-crm.org
6https://developers.google.com/chart/
7http://www.norssit.fi/semweb/#!/visualisointi

sponding educational titles (e.g., MSc in Technology, Doc-
tor of Medicine, etc.) on the right. From this visualization
one can see which titles were obtained from which universi-
ties regarding the filtered target group. The highlighted path
in Fig. 3 shows, e.g., the connection from the University of
Helsinki to Bachelor of Arts when no filtering choices have
been made.

Figure 2: Pie chart showing the most common educations
among high school alumni.

On the second visualization page8, there are first two his-
tograms showing years of enrollment and matriculation of
the target group. Below these, three multi-column charts
show the most popular universities and colleges, employ-
ers, and occupations of the filtered people on a decade by
decade basis. For example, from the histogram represent-
ing the years of enrollment (Fig. 4) one can see that when
education in Norssi was started, a lot of pupils from other
schools moved to Norssi (first high bar on the left). Also the
changes made in the Finnish school system in the 1970’s are
clearly visible as very low enrollment rates. Fig. 5 depicts
the most popular employers. It shows a great and inter-
esting variation of companies and organizations at different
times: in the late 1800’s the Finnish State Railways (Valtion
Rautatiet, blue columns) was the most popular employer,
but declined soon probably because the main railway con-
nections in Finland were built in 1850–1900.9 The Finnish
Defense Forces (Puolustusvoimat, green columns), on the
other hand, has its highest peek during the Second World
War. After this the banking industry and the city of Helsinki
became major employers for Norssi alumni.
The facet for links to external datasets provides also an in-
teresting option for selecting target groups. For example, a
student in the school may ask herself/himself the question:
where should I work if I want to become famous and get an
entry in the National Biography? By making the selection
”National Biography” on the facet and then looking at the
employer multi-column chart one can get an idea of where
to work in order to be included in the National Biography.
The official motto of the Norssi high school is Non scholae
sed vitae (not for school, but for life). Data analytics based
on the linked data service now provides new insights on
what actually happened to the school alumni in life after
graduation in a prosopographical sense.

8http://www.norssit.fi/semweb/#!/visualisointi2
9https://en.wikipedia.org/wiki/History of rail transport in
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Figure 5: Column chart showing the most common employers.

Figure 6: Main page of the Finnish National Biography.

There is a chronological list of life events on the left col-
umn. Events with known locations are shown on the map,
and below there is a timeline showing the timespan of the
events. The timeline spans from a person’s birth to death,
and shows when the career highlights have taken place.
There are four horizontal lines in the timeline for separat-
ing different categories of biographical events, each rep-
resented in a different color: family events (e.g., getting
married, having children), career events (e.g., education,
professional experience), achievements, and mentions of
honor. Corresponding markers on the map follow the same
color schema.
When an event is hovered on the event list or on the time-
line, the corresponding marker on the map gets highlighted.
The size of the marker depends on the number of events re-
lated to that specific location, so the most important places
for a person’s career are emphasized. In the example case,
the visualization is based on the biography of architect
Eliel Saarinen, and Helsinki and Michigan (where he lived
his later years) are emphasized. Data about the places in
Finland was extracted from the Finnish Gazetteer of His-
torical Places and Maps (Hipla) databases and data ser-
vice13 (Ikkala et al., 2016; Hyvönen et al., 2016). Foreign
placenames were linked using the Google Maps APIs14.
For example, the locations of medieval universities in Eu-

13http://hipla.fi
14http://developers.google.com/maps/

rope, towns of the Hanseatic League15, Finnish mansions,
churches, and other well-known buildings were added to
the place ontology using the Google services. The place on-
tology includes locations in different scales, such as coun-
tries, towns, villages, and in some cases even buildings with
a known specified address.

Figure 7: Map and timeline showing events related to the
Finnish architect Eliel Saarinen.

As for prosopographical research, there are two different
views available using Angular Google Maps16. The target
group can be filtered by using a time span slider17 that is
included as a facet for the user to specify a desired range
of years in interest. Other filtering facets include choos-
ing person’s profession, gender, dataset, related companies,
related place, and linkage to external databases.
The visualizations depicted in Fig. 8, show the results of
a SPARQL query corresponding to the facet selections on
Angular Google Maps. The markers on the map show
places of birth in blue and places of death in red color. The
size of the marker corresponds to the number of events that
has taken place in that particular location. Clicking on a
marker opens a modal window containing a list of people
who were born or died at the location.

15https://www.britannica.com/topic/Hanseatic-League
16http://angular-ui.github.io/angular-google-maps/
17https://github.com/angular-slider/angularjs-slider
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Figure 3: Sankey diagram showing the linkage between the university and the education.

Figure 4: Column chart showing the amount of pupils by
enrollment year.

3. Semantic National Biography of Finland
The National Biography of Finland10 consists of biogra-
phies of notable Finnish people throughout history (200–
2018). The biographies describe the lives and achievements
of these historical and contemporary figures, containing
vast amounts of references to notable Finnish and foreign
figures, including internal links to other biographies of the
National Biography of Finland. In addition, the text con-
tains references to historical events, notable works (such as
paintings, books, music, and acting), places (such as place
of birth and death), organizations, and dates.
In this case, the texts and data were available in a database
in a semi-structured form. As in the Norssi case above, the
texts were transformed into RDF form by extracting entities
from the semi-structured texts, and the result was uploaded
into a SPARQL endpoint of the Linked Data Finland ser-
vice.
The underlying ontology model represents people and their
biographical information. A natural choice for modeling
life stories is the event-based approach where a person’s
life is seen as a sequence of spatio-temporal, possibly inter-
linked events from birth to death (and beyond). The events
are modeled according to the Bio CRM model (Tuominen

10https://kansallisbiografia.fi/english/national-biography

et al., 2018), and the person ontology is compatible with
the Getty ULAN LOD11 model.
The source data consists (at the moment) of fields extracted
from the original database dump in CSV format. In the sim-
plest cases, the value of a data field is directly indicated by
the value of a property, e.g., date or place of birth. However,
most of the structured knowledge was extracted from short
snippets of text in the end of each biography describing ma-
jor life events of the protagonist, such as graduation from
a university, designing a building, publishing a book, get-
ting a honorary medal, etc. The resulting knowledge graph
includes 13 144 people with a biographical description in
the National Biography, 51 243 relating people mentioned
in the biographies, and 977 authors of the biographies. At
the moment, the data includes 37 730 births, 25 552 deaths,
and 102 300 other biographical events. In addition to that
there are 51 937 family relations, 4953 places, 3101 oc-
cupational titles, and 2938 companies extracted from the
source data. (Hyvönen et al., 2018) On top of the data ser-
vice, a search interface (Fig. 6) using the SPARQL Faceter
tool (Koho et al., 2016) and AngularJS12 framework was
created. It can be used for finding individual biographies
and for filtering out target groups for prosopography.
For biographical research, we created for each person entry
page two tabs: one for the textual description of the person
with additional data links, and one for a spatio-temporal
visualization of the life events of the person using a map
and a timeline. For prosopography, there is 1) a page for
studying the events of the target group, and 2) a page for
visualizing statistics of the filtered people. The application
will be opened to the public in September 2018.

Fig. 7 depicts an example of a person’s map-timeline page.

11http://www.getty.edu/research/tools/vocabularies/lod
12http://angularjs.org
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Figure 3.4: Statistics in context of prosopographical analysis [10, p. 2, 3, 4].

Diagrams are often used to obtain insights into the statistical properties of biographical
data. For this purpose, Leskinen et al. used pie charts, a Sankey diagram, histograms,
and three multi-column charts as inFigure 3.4. They enable researches to gain insights
into what happened to school alumni after their graduation or coherences between dif-
ferent universities and education [10]. Another example is a histogram displayed over
a timeline in Novak et al.’s tool for the analysis of historical figures relations in “His-
toGraph”, to visualize the statistical properties of the selected data, see Figure 3.6b
[12].

3.2 Relations

A relation is a connection between entities based on a specific property. In the context of
historical figures and events, mostly relations between persons as social connections are
represented. There also exist visualizations for relations between people, events, places,
and time.

Social Relations between Historical Figures For displaying social relations of persons,
mostly bi-directional force-directed graphs are designed. Interactions and the graph’s
layout, which is dependent on the computation of the edge’s weight, differ according to
their context and goal.

One example is the “sociogram”, build by Dr. Bunning to visualize relationships between
persons for prosopographical research based on correspondences, shown in Figure 3.5.
Relationships between persons were categorized and can be filtered with the inputs on
the left side. Afterward, the chosen relation types are highlighted with different colors
[4].
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Visualizations of Historical Figures and Events Relationsparticular relationship between people within a larger group and to highlight the different types of 

relationships. For testing purposes, we have used a representative subset of eleven spreadsheets, 

which number 423 events, involving 617 people and organizations from Hartlib’s circle. 

 

Figure 3: Proof-of-concept visualization of familial relationships 

 

Figure 4: Proof-of-concept visualization of n-degree connections between two people 

 
Figure 5: Table with all events involving an individual selected in the graph 

Figure 3.5: Sociogram: Visualizes relations and various relation types [4, p. 3]

Another example is Novak et al.’s “HistoGraph”, which extracts social relations between
persons from historical photographs. In the graph-visualization, the nodes represent
the identified persons, while the relation to other persons is visible as an edge between
the nodes. The edge weight corresponds to the number of times the connected persons
appear in the same image, which, due to the force-layout, leads to a nearer positioning
of nodes and a greater edges width when they appear in more pictures together. Addi-
tional information like labels of date, location, and events are linked to the edges. The
graphs overview, Figure 3.6a, can be used to identify clusters and sub-networks of social
relations. By using the search bar, users can locate specific persons in the graph. Hov-
ering over one node highlights the name of the person and connections to other persons
in the graph. The selection of one node leads to zoom on a subnetwork of the selected
person. Selecting an edge by clicking displays all corresponding photographs and a list of
additional documents. Filtering is possible by time, the number of existing documents,
the people’s quantity, and their appearance in the linked photo. Afterward, the system
generates a smaller sub-graph from these parameters, like in Figure 3.6b [12].
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Figure 1.  Combination of human and machine computation in the creation 

of the social graph 

To obtain identities of the persons represented by the 
faces, automated face recognition is performed (using an off-
the-shelf face recognition component [41]). As the collection 
already contains a set of validated portraits of identified 
historical personalities, these are used for the initial 
recognition (matching faces with unknown identities to 
known portraits). This produces a ranked list of potential 
identities for each detected face in a photograph. The result 
is a set of faces associated with possible identities of the 
persons represented in a given photo (with a probability 
score). Subsequently, the computed identities can be 
validated by a crowd of experts. To this end, the system 
allows historians to resolve ambiguous identifications by 
themselves, or by forwarding a validation task to their social 
circle, which includes more experts (see 6.5). Accordingly, 
for each person a co-occurrence measure is computed as the 
frequency with which person A (all faces identified as person 
A) and person B (all faces identified as person B) appear in 
the same photo. Based on such co-occurrence information a 
social graph is constructed, representing a network of 
persons (nodes) and connections between them (edges). 

B. Visualizing the social network  
The resulting social graph is visualized in the form of an 
interactive network of persons and connections between 
them, where the strength of the connections (edge width) 
represents the frequency of co-occurrences of two persons in 
the photos in the collection (Fig. 2).The visualization is 
implemented by means of a force-directed graph layout that 
places frequently co-occurring nodes closer together, while 
nodes that co-occur less often are placed farther apart 
(performed by javascript components Crossfilter and D3.js).  

The nodes in the visualization represent historical 
persons, while the graph’s edges represent the photographs 
that connect them. Based on the date, location and event of 
the photographs (where available), the graph is positioned in 
its temporal and spatial context. One way for scholars to 
explore the co-occurrences and possible social relations of 
the different historical persons is to look at the complex 
structure of the histoGraph from a birds-eye-view. This view 
can give new insights into seemingly well-known knowledge 
(recapitulation) as well as lead to surprises, e.g. identifying 
unknown persons in photographs by finding unexpected 
links. Main actors can be identified, paths between actors as 
well as overlaps between clusters or sub-networks 
discovered. Users can hover over nodes and see the names of 
persons and their connections to others highlighted, or filter 
the graph by time (see 5.3).  

C. Exploring and discovering relationships 
Clicking on a single node zooms in to the ego-network of 

the corresponding person (e.g. the ego-network of Margaret 
Thatcher in Fig. 3). A search bar helps locating specific 
persons in the graph and the auto-complete suggestions can 
lead to discovering persons that may remain unnoticed in the 
exploration. Users can also zoom in and click on the edge 
connecting two persons to view all photographs from which 
the co-occurrences were derived and visualized (Fig. 3).  

 

 
Figure 2.   Social graph visualization in histoGraph 
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(a) Overview: Clusters of social relations

 

 
Figure 3.  Ego-network zoom-in for in-depth contextual exploration of 

relationships 

This supports the required transparency and provenance 
of sources and methods used in the visualization. A list of 
additional documents related to persons and photographs that 
connect them is also retrieved to reveal more about the 
context of the relationship and entice further research, e.g. 
finding out more about a discovered connection between two 
historical personalities.  

Contextual filters such as the timeline and source-based 
filters enable users to generate smaller sub-graphs based on 
different parameters. The timeline allows the user to specify 
a time period that should be considered for building the 
social graph - and visualizes how many images are available 
as a basis for this operation in a year-by-year histogram (Fig. 
2, 3). This is another means for assessing the relevance of the 
displayed results. The source-based filters include e.g. the 
“number of connecting documents”, that can be used to 
specify the minimum and maximum number of co-
occurrences between two persons that must exist for a link 
between them to be established.  This allows for filtering of 
weak ties (e.g. showing only connections made up by one or 
few co-occurrences) or strong ties (showing only 
connections made up by “many” co-occurrences). Weak ties 
can help identify new surprising connections, while strong 
ties allow for the identification of the main actors. Similarly, 
the “people per document” filter can be used to constrain the 
analysis to photos of small or large groups (e.g. to focus on 
bi-/trilateral or on multi-lateral meetings only). In a similar 
manner, place-based and event-based filters can be provided, 
when such data becomes available (e.g. through 
crowdsourcing and collaborative inquiries described in the 
next sections). 

D. Verifying and creating new relationships 
The visualized relations are initially based on co-

occurrences that are calculated using automated face 
detection and recognition algorithms. Some of the depicted 
persons are manually confirmed based on available 
metadata from the CVCE collection, but still many depicted 
persons are not correctly identified yet.  
With an annotation tool embedded into the histoGraph, the 
identities of persons can be verified or corrected manually 
by the scholars through a kind of implicit expert-based 
crowdsourcing. This is important because historical photo 
collections contain photos of different quality (e.g. size, 
resolution), shot from different viewpoints and angles and 
from different time periods - which makes the automatic 
face recognition difficult and unreliable [10]. Moreover, 
while important personalities can be more easily identified 
due to likely availability of named reference portraits for the 
automatic recognition, identifying less well-known persons 
and their social context may be just as important for the 
researchers. Accordingly, an annotation tool allows users to 
correct the automatically determined identities or to suggest 
new ones for unidentified faces (Fig. 4).  

Visualizations of humanities data are often man-made 
and therefore prone to be incomplete and ambiguous 
[11][17]. In writing, scholars acknowledge these 
shortcomings by a nuanced use of language. Data 
visualizations however tend to be suggestively absolute: 
what they show appears to be true without a doubt, what they 
do not show appears to be non-existent.  
 

 

 
Figure 4.  Correcting and suggesting identities through expert-based 

crowdsourcing 

247

Authorized licensed use limited to: University Duisburg Essen. Downloaded on November 18,2020 at 11:27:06 UTC from IEEE Xplore.  Restrictions apply. 

(b) Zoom: Precise analysis

Figure 3.6: Social graph: Displays relations between historical figures [12, p. 246, 247]
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IML ’17, October 17–18, 2017, Liverpool, United Kingdom W. Dzwinel, R. Wcisło and M. Strzoda

Figure 2: Visualization of the network of historic events. In figure (a) we show the timeline (arrows) and the types of historical
events. Only vertices with vertex degree higher than 25 are visualized. In figures (b) and (c) we present the edges and the
vertices densities of the network. The numbers in circles from figures (b) and (c) correspond to some important groups of
historical events fromfigure (a). Small differences betweenfigure (a) and (b), (c) come fromnon-deterministic choice of random
neighbors (rn) for respective visualizations.

(a) Overview: Displays edges

IML ’17, October 17–18, 2017, Liverpool, United Kingdom W. Dzwinel, R. Wcisło and M. Strzoda

Figure 2: Visualization of the network of historic events. In figure (a) we show the timeline (arrows) and the types of historical
events. Only vertices with vertex degree higher than 25 are visualized. In figures (b) and (c) we present the edges and the
vertices densities of the network. The numbers in circles from figures (b) and (c) correspond to some important groups of
historical events fromfigure (a). Small differences betweenfigure (a) and (b), (c) come fromnon-deterministic choice of random
neighbors (rn) for respective visualizations.

(b) Overview: Shows nodes

IML ’17, October 17–18, 2017, Liverpool, United Kingdom W. Dzwinel, R. Wcisło and M. Strzoda

Figure 5: The nodes with the largest betweenness centrality
coefficient for in-degrees value greater than 30. The events
with the largest spread in 2-D are described in red.

First Crusade (so called Attacks on Jews in the Rhineland) but
also all other mass murders such as Armenian, Aboriginal people
(‘black war’), Bosnian people, Guatemalan, Tutsi genocides and
many others compared in corresponding articles to the Jewish
holocaust.

By calculating basic complex network descriptors, one can ex-
tract interesting relationships hidden in the structure of the orig-
inal network and its 2-D embedding. As shown in Figure 5, the
historic events with the largest betweenness centrality coefficient
are located mainly on ‘the big triangle’ shown in Figure 2. What is
interesting, there are mostly wars and war related topics (20 out
of 25). This fact highlights the crucial role of wars in mankind his-
tory, particularly, the wars collected in Figure 5. Therefore, we can
surmise that the large body of the shortest paths between events
contain wars (with high betweenness centrality coefficients), which
can be treated as ‘bifurcation points’ generating new historical
scenarios. We also depicted here the events with the largest spread,
defined as the average of the distances to their connected neighbors
in the 2-D embedding. The spikes shown in Figure 5 demonstrate
their ranges. It is clearly seen that, e.g., ‘Roman Empire’, ‘Kingdom
of Hungary’ and ‘Spanish Empire’ vertices have connected neigh-
bors in various parts of the network (i.e., they come from various
periods of history) while ‘Gibraltar’ and ‘Spanish-American wars’
are connected to more recent and selective but still very distant (in
terms of time and space) events.

The diagrams similar to that from Figure 5, can be used for scru-
tinizing distant (in space and time) cause-and-effect relationships
between historic events. Of course, we should remember about data
bias connected to the common viewpoint represented by English
Wikipedia authors.

Summarizing, we have demonstrated that ivga allows for correct
visualization of the network of historical events consisting of 105
vertices in global and local scales in terms of data similarity and
separability.

5 RELATEDWORK
In our recent paper [4] we show that ivga algorithm for interactive
graph visualization allows for visual exploration of large graphs
consisting of up to a few million vertices by using a regular laptop.
We demonstrate that it surpasses other state-of-art graph drawing
methods such as sfdp (forceatlas2) [5, 10, 11] and LargeVis [19] in
terms of both computational complexity and precision of graph
reconstruction. In [4] we emphasized that ivga method can be par-
ticularly useful for interactive visualization of large non-planar
complex networks such as random and scale-free networks includ-
ing road, social and citation networks, which can be found in the
Stanford Large Network Dataset Collection [13]. The ivga algo-
rithm, described briefly in the second section of this paper, can be
seriously considered for visualization and analysis of really huge
networks, with millions of vertices and edges.

There are a few systems and tools for storing and analyzing
historical data including semantic [14] and visualization technolo-
gies [17]. To the best of our knowledge, the most advanced is his-
toGraph - the concept and prototype of an interactive tool for ex-
plorative visualization and collaborative investigation of historical
social networks from multimedia collections [15]. The system aims
to support historians in the discovery and historical analysis of rela-
tionships between people, places and events. The networks would
be constructed on the base of heterogeneous data sources including
multimedia collections and other linked data such as Wikipedia
documents. The concept of histoGraph is very ambitious and exten-
sive in terms of computational and storage resources. Taking into
account that it uses additionally standard tools for graph visualiza-
tion of high computational complexity [6], its capabilities would
be highly limited to rather a small number of events. Moreover,
the paper [15] was published in 2014, and any other information
about histoGraph can be found in the Internet. Similar idea about
extracting causal relationships among historical events by using
graphs of linked historical events is presented in [9]. However, this
is rather a toy system, which can be used for teaching historical
way of thinking of the high-school students.

The most similar work is presented in [7], where the Authors aim
to study the cultural similarities and differences between Chinese,
English, German, French, and SwedishWikipedia by focusing on ar-
ticles relating to the twenty most essential and influential historical
war events for each of the country. The small graph presented in [7]
has alsoWW1 andWW2 in its center such as that shown in Figure 2.
However, the other events important for these five countries were
enhanced in this graph [7] while in our (Figure 2), their weights
are commensurate to their significance from the point of view of
our contemporary civilization. Anyway, all of important historical
events in all languages Wikipedia have their English translation, so
the English Wikipedia can be understood as an averaged outlook
on our civilization as a whole.

6 CONCLUSIONS
Here, we have presented the ivga [4] capabilities and limitations
in visual analysis of historic data. Its worth to mention that any
of existing graph drawing methods [10–12] is not able to visualize
interactively such a large graph on a laptop computer. During the
interactive process of the network visualization we can control all

(c) Zoom: Detailed view

Figure 3.7: Graph visualizes relations between events and persons [5, p. 4, 6]

Relations between Historical People and Events Dzwinel et al. also use a graph to
highlight relations between historical people and events. They choose a uni-directional
force-directed graph to represent these relations based on links in Wikipedia articles.
The acquired overview visualizes the relation of Wikipedias persons and events. It can
either display the edges (see Figure 3.7a) or nodes (Figure 3.7b) Since there are many
entities, only clusters of the nodes are identifiable. To see the nodes and their edges
in greater detail, the user can perform a zoom into the network’s structure, as shown
in Figure 3.7c. After the zoom, the nodes of related historical events and people are
separable from each other [5].

A different approach to visualize relations between historical events and persons is
Richard “Scalable Timeline Visualization”. He uses a timeline visualization to display
the entities and their relations (Figure 3.8a). The timeline is vertically divided into
several stripes to organize the displayed entities according to specific properties. A sub-
jective modification of these properties is possible through filtering. The horizontal axis
visualizes the time dimension with a time axis, where zooming determines the temporal
granularity. Elements are displayed either as rectangles for periods or circles when they
have only occurred at one point in time. A fuzzily drawn border represents an uncertain
dating. Relations between these elements are shown with arrows after selection. At the
same time, a detailed description appears on the right panel. Also, the time interval
is highlighted on the time axis. To avoid visual clutter, automated zooming on the
time axis is performed, which changes the length of displayed events. Also, the zooming
adds or removes events in regards to their calculated relevance. Figure 3.8b shows the
algorithm’s process of aligning the elements to avoid clutter [11].
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VII. USER STUDY 

In order to verify our approach we have performed a 
preliminary user study.  

A. Design of the study  

Our main goal in this study is to evaluate the ability of 
users to understand data represented in a timeline and to see if 
our approach leads to better performance when users are 
working with our tool. The test hypothesis was: "The users are 
able to find important information faster when semantic zoom 
is used and when relations are explicitly displayed in the 
timeline". The null hypothesis was that timelines currently used 
leads to comparable performance of the users.  

The set of tasks we have prepared for the study simulates 
the work of the history students with the time line that 
represents a sequence of historical events that they need to 
analyse and understand. The tasks are focused on analysing the 
relations between events and the people who were participants 
of the events, and on the ability of the users to remember the 
facts that they discovered.  

We had a group of 12 people, divided into two subgroups, 
with 6 people in each. All participants were high school 
students, focused on humanity education. Their age varied 
from the 16 to 18 years. They had no specific previous 
experience with the data visualization software, but they were 
familiar with the concepts of timelines from their previous 
study. One group was asked to work with our tool, while the 
other was working with the same data displayed using 
timeglider.js library [14], one of currently common used tool 
for the timeline visualization.  

B. Data and tasks 

We prepared a dataset and several tasks that users were 
asked to perform. We wanted to make the conditions of the test 
equal for all test subjects, so instead of using real events, we 
have created a small set of fictional historical data, with about 
two hundred elements and three hundred relationships between 
them. This way, we wanted to make sure that when searching 
for answers some user will not have a previous knowledge of 
the problem. To describe the whole dataset is beyond scope of 
this paper, but in short, data are similar to French revolution 
period - they describe fall of one monarchy, quick change of 
three different revolution republics and then the restoration of 

the monarchy. The revolution is violent and leads to 
destruction of many cities, so after the monarchy restoration 
the period of country rebuilding follows.       

We have modelled data in both our tool and timeglider.js. 
Timeglider.js supports displaying different data on different 
zoom level, but the zoom level have to be determined 
manually, so we have divided our elements into three group - 
from most important to the least important - and assigned them 
different zoom levels where they should be displayed.  

The tasks were created according to expected use of 
timeline.   

• Q1: Who ruled the country at the beginning of the 
Revolution period? 

• Q2: Who initiated construction of most capital city 
infrastructure?  

• Q3: How long lasted the period between the first and 
second kingdom?  

• Q4: Which revolution leaders survived to the moment 
of restoration of the monarchy? 

• Q5: Who of the revolution leaders participated in 
second kingdom restoration? 

• Q6: Who was responsible for burning the capital 
library? 

Before we started the study, we have examined how our 
algorithm ranked the elements in the visualization. Most of the 
important elements were correctly identified, however the final 
visualization was a bit different from the one with manually 
adjusted ranking. Most notably, when we prepared the data we 
ranked as more important long-lasting events, while the page 
rank algorithm tend to find also events that are short in time, 
but with many relationships tied to them. 

C. Study execution 

Each participant was performing the tasks alone. In order to 
familiarize with the interface, we gave each participant 15 
minutes to learn to use the timeline software with different data 
and provided the explanation of all features and software 
behaviour. When we were sure that the participant is 
comfortable with the provided tool, the participant was given 
the test data and continued in fulfilling tasks without further 
support. All participants were given the same set of questions, 
in the same order. We measured the time from giving the task 
to the moment when the task was successfully completed. The 
participant was asked not only to provide answer, but also to 
demonstrate how he found that the answer is correct. 

D. Results 

Results of the participants are presented in the Table I and 
III. Table I shows results of the group that was working with 
Timeglider.js timeline, with aggregated values presented in 
Table II. Table III presents the results of the group working 
with our tool, with aggregated values presented in Table IV.  
All times are measured in minutes and seconds that were 
required to identify the correct result of performed task.  

 
Fig. 2.   Example of the visualization screen 
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(a) Arrows indicate relations in the timeline visualization

that when there are no outgoing edges from the node, the next 
node will be randomly selected instead of creating absorption 
node. Matrix E is a square diagonal matrix with dimension n , 

where ne ji /1, =   [15]. The calculation is stopped when 

difference of vectors kx and 1+kx is sufficiently small. 

Coefficient α  is discussed in [19] and serves to influence the 
probability of teleportation.  

In order to use user priorities, we can use modified version 
of PageRank that is using priorities assigned by user to the 
nodes and edges. The most straightforward approach is to 
replace the coefficient α with teleportation matrix that will 
take the priorities into account. The final version of the 
PageRank algorithm is then working with the equation 

TXIXSG )( −+=                           (3) 

where I is identity matrix and matrix T contains the 
probabilities of teleportation from nodes i to node j  [20]. 
This matrix have to be right stochastic matrix [20], with the 
identical lines and columns corresponding to the priorities of 
the appropriate nodes.  In order to keep the matrix right 
stochastic, line is normalized. Finally, the matrix X is 
necessary to replace constant α from the original algorithm. 
We need to use this constant selectively, according to the 
number of edges that are leaving the node. This matrix is 
diagonal and on its main diagonal are new teleportation 
constants for each node. The constants are computed as 

1.0)1(
)1(4

3 +−
−

= iii p
p

α                  (4) 

where p is average priority of all edges in the analysed 

graph and ip is average priority of the outgoing edges from the 

node i . When  ipp =  the expression returns 0.85 which is 

recommended value for α [15]. When average priority of 
outgoing edges is lower than graph average priority, the value 
in the matrix is lower. Using this modification, we can 
calculate new weights for the nodes and edges, based on the 
topology of the graph as well as on the priorities selected by 
user. The disadvantage of the equation with priorities is that 
such computation is more time demanding than original 
PageRank. In fact the basic algorithm can be performed in O(n) 
time, while the modified PageRank requires O(n2) time.  

VI. TIMELINE VISUALIZATION AND INTERACTION 

The visualization itself is composed from the three main 
parts. The largest area serves to displaying visualized entities 
and their relationships. The main area is divided into several 
stripes, which allows to organize entities according to specified 
property - stripe can serve for example only to display people 
or to display all elements that contains a specified tag or a 
relationship. Vertical axis thus creates slices that corresponds 
to the required type of information, while horizontal axis 
represents the time dimension. Below, as a form of navigation 
is the time axis, with granularity determined by actual zoom 

level. On the right side a panel with detailed information and 
related entities is displayed.  

The elements are displayed in two main forms - as a 
rectangles when period of time is represented or as a circles, 
when only one moment of time or period too short with respect 
to the current granularity of the time axis is displayed. The 
length of the rectangle represents the duration of displayed 
event. Furthermore, if the time coordinate is not exactly 
known, the borders of the element rendered fuzzy, to indicate 
that the information is not exact (see section IV. B.). The 
layout algorithm places the elements to the stripe in the way 

that they are never overlapping each other (Fig. 1).  

One or multiple element can be selected. When element is 
selected, its detailed description is displayed on the right panel 
of the visualization and in the same time its relations are 
displayed in the main area. Selecting element also highlights 
appropriate time interval on the time axis.  

The main area supports zoom and pan interaction with the 
timeline. These actions affects all stripes together. While 
zooming, weights of displayed elements are used to determine 
if the event should be displayed. On the higher zoom levels 
(when decades or centuries are visible on the time axis) only 
elements with highest weights are shown, as the user zoom in, 
viewport can cover only shorter amount of time, and more 
detailed elements can be shown. The layout algorithm is used 
to determine how many elements can fit into the stripe and 
viewport and the elements with the highest weights in the given 
time space are displayed. The relationships between events are 
displayed only when events from both sides are visible on the 
given zoom level; their presence is however not required in the 
viewport - the relationship can point "outside the screen". As 
the zooming changes the length of displayed events and adds or 
removes other events, it can affect their position on the screen. 
This makes the orientation for the user bit harder, as the 
position of information is not stable, but it is necessary when 
we want to avoid overlapping. On the other hand, when some 
elements are selected and their relationships are visible, they 
provide clues for user to orient in the modified screen.   
Screenshot from our application is presented on Fig. 2. 

 

Fig. 1.   Example of the layouting algorithm 
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(b) Algorithm avoids visual clutter

Figure 3.8: Sorting timeline visualization: Relations of events and persons [11, p. 4, 5]

3.3 Movement Behavior

Movement is a change of the spatial dimension over time. It occurs as part of an event
or event chain, which can be aligned to specific persons or groups.

Trajectories Trajectories display the continuous movement behavior of an entity over
space and time. Mostly, they are visualized by three-dimensional Space-Time Cubes.

Figure 3.9a displays the movement behavior during a trip with a Space-Time Cube,
where its path and stations are highlighted. Furthermore, the path can be enriched with
qualitative and quantitative information by coloring or varying the width. It also can be
enhanced by linking multimedia objects, whose details are displayed on demand. Space-
Time Cubes are also able to display multiple trajectories. Kraak et al. show this by
comparing the Russian and French troops movements in 1812 within a single Space-time
Cube (Figure 3.9b) [9].

but the overall character of the trip is better preserved
because directions and time are implicit.

3. Historical event

During 1812, Napoleon and his Grande Armée under-
took their fatal march on Moscow. This march was
immortalized in Minard’s famous map ‘Carte figura-
tive des pertes successives en hommes de l’Armée
Française dans la campagne de Russie 1812–1813’ of
which a detail is seen in Figure 1(d) (Kraak, 2014). It
is also known from Tolstoy’s historical novel ‘War
and Peace’. Napoleon started the campaign because
Tsar Alexander ignored the Continental System. This
was established by the French to avoid all trade
between continental Europe and England. After a
long preparation, Napoleon crossed the Neman River
near Kaunas in current Lithuania with over half a
million troops on 24 June 1812. He tried to force the
Russians into a big battle, but the Russians aware of
Napoleon’s capabilities were able to avoid this until
September when the battle at Borodino took place.
After that, Napoleon was able to occupy Moscow.
However, after a month, he decided to return. At that
time, his Grande Armée was only one-fifth of its orig-
inal size. The retreat was dramatic under intensive cold
and harsh winter circumstances. The crossing of the
Berezina River was one of the last major combats of
the Grande Armée during this campaign (see Figure 3).

Napoleon barely escaped the Russian troops and lost
half of his remaining army during this crossing. Of the
original half million troops, only about 10,000
returned. Figure 1(d) depicts this event in different
map details. One of the author’s family members

Gerrit Janz was a soldier in the 125th Regiment of
the IX Army Corps, who were sent to Russia to support
Napoleon’s retreat. On 27 November 1812, he fell
during the battles at the banks of the Berezina River.
His wanderings were the reason of the authors to
visit the Berezina area as depicted in Figure 2. The
combination of the 1812 and 2012 event is the core
of the STC story told in the Main Map. Here, the
cube allows an easy link and comparison between the
two events 200 years apart.

4. Methods and results

4.1. Software: generating the maps

We used the open source GIS and Remote Sensing soft-
ware package ILWIS (http://52north.org/communities/
ilwis) to construct the 2D maps and the STCs. The 2D
map for the trip made in 2012 is generated from the
OpenStreetMap, and the path, based on GPS files is
plotted on top (see Figure 2(a)). This map is also
used as base map in the cube. It can be moved along
the vertical axis to follow the trajectory. The 2D map
for the Berezina River crossing in 1812 is obtained
from the Atlas to Alison’s History of Europe (Johnston
& Alison, 1848, plate 78), and the paths are based on
the data derived from Smith (2002), and plotted on
top of the scanned map. The map is georeferenced,
and used as base map in the cube (see Figure 3).

In both 2D map and the cube, a path’s qualitative
and quantitative attribute information can be shown
using different colors or varying the width of the
path, respectively. Annotations, such as video record-
ings, texts, and drawings, can be linked to the paths.
In the ILWIS software, the 2D map and the STC are

Figure 2. The crossing of the Berezina River by the authors in 2012: (a) 2D map showing the path of the trip and four points of
interest and (b) the STC with the trip as space–time path and the points of interest as annotated stations.
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(a) Path and Stations of a trip

linked (see Figures 2 and 3). The cube can be rotated to
position it in any perspective to get the best view on the
data.

For the cube in the Main Map, both 1812 and 2012
2D maps were exported to ArcGIS. In ArcScene, they
were draped over a terrain model to offer a sense of
the topography of surrounding area. In ArcScene,
both were positioned such that the view angle would
allow telling the story best. From ArcScene, the image
of the terrain was exported to Omnigraffle. This pack-
age was used for the finishing touch of the all illus-
trations in this paper. From this production stage
onwards, one can no longer manipulate the STC in
three-dimensional space, the maps become static
now. Omnigraffle, vector drawing software, was used
to draw the cube’s edges, as well as the vertical lines
(stations) between points of interest in both time layers
in the Main Map. Also here, the annotations and labels
were added, as well as scale indicators for space and
time and a north arrow.

Omnigraffle was also used to create the three sub-
maps. For each of the three visual sample queries, the
cube was masked to express the locational, attribute,
or temporal query. The results, a topographic map, a
thematic map, and a time diagram, respectively, were
displayed next to the cube.

4.2. Design: application of the STC

The STC has a historical map draped on a terrain
model at the bottom of the cube representing 1812.
The main path of the French and Russian troops is
marked by blue and green lines. The paths are anno-
tated with historical scenes and documents from the
French army archives. On top, an OpenStreetMap is

draped on the same terrain model with the path of
the authors in red, representing 2012. The path is
annotated by photos of landmarks. Labeled vertical
orange lines connect events and locations between
1812 and 2012. For instance, the location of the bridges
built by the French to cross the river, and the location
of the battle where Gerrit Janz died.

The STC integrated two stories, but via visual query,
one can explore more details. The map shows three
examples. To explore this historical event from the
spatial perspective, and understand the complex situ-
ation around bridges spanning the river, one can select
the relevant space and display details of a topographic
map – (b) in main map.

To show specific attribute information, one can
select, for instance, the troops and display the positions
of the Russians and French in more detail, (c) in Main
Map shows the composition of the French and Russian
corps during the crossing of Berezina River.

To reveal temporal aspects of the events, one can
select an interval on the timeline, and then choose an
object as shown in the example of selected orange
lines – (d) in Main Map. Here, the details of the family
relation between soldier Gerrit Janz and one of the
authors between 1812 and 2012 are revealed via the
family tree. The family tree birth and death dates
could timewise be displayed in the STC too, but the
geography of the family members ‘in between 1812
and 2012’ has no link to the geography display in the
cube.

5. Discussion and conclusion

Napoleon’s Russian Campaign and the story of the fall
of one of the author’s ancestors, in combination with

Figure 3. The crossing of the Berezina River by the Napoleon’s Grande Armée in 1812 (Johnston & Alison, 1848, plate 78): (a) 2D
map with the added paths of Russian (green) and French (blue) troops from 24 to 28 November 1812 and (b) the space–time paths
of trajectories of Russian and French troops in the STC.
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(b) Comparing paths of two armies

Figure 3.9: Space-Time Cubes: Continuous movement as trajectories [9, p. 58, 59]
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phylogeographic estimates can be overlaid (fig. 1a). However,
SpreaD3 can project trees in any arbitrary space, which allows
for example producing two-dimensional plots of influenza
antigenic evolution based on Bayesian multidimensional scal-
ing estimates (Bedford et al. 2014) (fig. 1b). Such plots
accommodate both mean estimates in continuous space as
well as their uncertainty. Using the same generic visualization
approach, any one-dimensional phenotypic trait evolving on
a tree can also be plotted as a function of time (for an ex-
ample, we refer to our online tutorial: http://rega.kuleuven.
be/cev/ecv/software/SpreaD3, last accessed 9 May 2016).
JSON files created by different analyses can also be merged
into a single visualization, allowing to combine any estimates
of interest.

SpreaD3 employs a set of JS scripts for D3 rendering and
creates a webpage in a user-specified location; the software
seamlessly integrates with the default browser by automati-
cally loading the visualization upon creation. In the browser,
the user has interactive control over different visualization
components based on the grammar of graphics (Wilkinson
2005; Wickham 2010). Visualization settings can be based on
the attributes associated with each component and color
choices are provided by ColorBrewer palettes (Harrower

and Brewer 2003). The temporal dimension can be controlled
by a time slider, and tree projections over time can be ani-
mated, paused, fast-forwarded, or re-winded. The in-browser
visualization encoded in a stand-alone HTML document can
be readily embedded in webpages, blogs, or social media and
can be viewed on mobile devices. We also envisage these
becoming interactive figures in online journals. Expert users
can further fine-tune visualizations using the built-in JS con-
sole in modern browsers.

Compiled, runnable packages targeting all major platforms
along with a tutorial and supplementary data are hosted at
http://rega.kuleuven.be/cev/ecv/software/SpreaD3, last
accessed 9 May 2016. SpreaD3 is licensed under the GNU
Lesser GPL and its source code is freely available from its
repository: https://github.com/phylogeography/SpreaD3, last
accessed 9 May 2016.
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FIG. 1. Examples of D3 visualizations in SpreaD3. (a) Different stages of phylogeographic history of Ebola virus spread in western Africa under a
discrete diffusion model. Tree branches are colored according to their parental locations, and circular polygon area is proportional to the number
of tree lineages maintaining that location. (b) Antigenic drift dynamics of the influenza H3N2 inferred using a continuous diffusion model.
Polygons surrounding branches denote 50%, 75%, and 95% highest posterior density intervals, giving a glimpse into the uncertainty of the
inference.
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Figure 3.10: Process trait mapped onto animated map to display movement [3, p. 2].

Discontinuous Movement Data In the context of movement data, often space and
time are only available at discrete points in a person’s history. For this discontinuous
data, trajectories may not be the best visualization possibility.

A person’s location at an event can, for example, be visualized using maps, as previously
introduced in section 3.1 (see Figure 3.1) [10].

Similar processes, which have a temporal and spatial component and therefore show
movement behavior, can be displayed with map visualizations. An example is Bielejec
et al.’s visualization of the Ebola virus spread process in Africa. They used a distribution
tree with continuous trait annotations (Figure 3.10 a)). The authors propose that any
one-dimensional phenotypic trait, which evolves on a tree, can be plotted as a function
of time. Because of the spatial component of the data, the tree could be projected on a
geographic map (Figure 3.10 b)). The user can control the temporal spread with a time
slider. It enables the animation of the evolutionary process in time and space, showing
the spreading process and its movement. The animation can be paused, fast-forwarded,
or re-winded [3].

3.4 Analysis of Historical Items

Historical items as objects are created at a unique time by a specific person at an assigned
or multiple locations. Visualizing such items has a high complexity, as multiple data
dimensions are present, similar to biographical data.

An example of visualizing historical items is Arnold et al.’s “Photographer”, which allows
an exploration of an image collection in space and time, see Figure 3.11a. At the bottom
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Figure 4: Landing page of the new Photogrammar website, which shows the currently selected images (left), a chloropleth map (right), and
selected photographers and years (bottom). The elements are linked together to allow users to explore the interactions of different dimensions of
the collection simultaneously.

Figure 5: The result of clicking on the state of Texas and photographer Russell Lee on the landing page shown in Figure 4. All three elements—the
selected photographs, and spatial-temporal chloropleth visualizations—are updated to reflect only images by Russell Lee taken in Texas.

(a) Lists selected items and their spatial and temporal context

Figure 6: The map in Figure 4 can be replaced by other visualizations
by selecting an option at the top. This figure shows a hierarchical
treemap of the historic themes assigned to the images in the collection
by Paul Vanderbilt. As with the map, the selected photos on the left
and interactive timeline at the bottom interactively update with the
selected Themes.

Figure 7: The result of clicking on an image in the new Photogrammar
website. A larger version of the image is shown, along with metadata
and similar photographs. A small map allows users to retain the
spatial dimension of the collection.

Generous interfaces can also be understood as a strategy for
the digital, public humanities (DPH). The rapidly expanding set of
projects online that identify as DPH—projects that seek to engage,
and often co-create, with a set of publics beyond the academy and
commonly are built to expand access and interpretation using meth-
ods from the digital humanities—has brought questions about how
to engage with audiences and users to the fore. As Sheila Brennan
argues, “It is important to recognize that projects and research may
be available online, but that status does not inherently make the work
digital public humanities or public digital humanities” [9]. As Jor-
dana Cox and Lauren Tilton have argued, DPH can “forefront visual,
nonlinear, and interactive argumentation in oder to engage publics
in generative humanistic inquiry” [14]. One way is projects de-
signed with generous interfaces that further generative and generous
humanistic inquiry.

Through a more detailed explanation of the redesign of Pho-
togrammar, we demonstrate how generous interfaces and DPH are
theoretical frameworks and methods for accessing and interpreting
cultural heritage data through interactive visualizations. The new
version of Photogrammar forges an integrated approach to gener-
ous interfaces. Rather than treat each interactive visualization as a
discrete task, we demonstrate how we can connect different types
of visualizations with concepts from information retrieval such as
search, browse, and recommender systems. What is considered data

and metadata shifts based on the community and their interests;
therefore, we show how toggling between and integrating ‘data’ and
‘metadata’ offers a strategy for creating generous interfaces built
around integrated visualizations that further access and interpretation
of collections.

4 A MORE GENEROUS REDESIGN

The new version of Photogrammar provides a complete redesign of
the web-based visualization system, which offers a more integrated
user experience through a generous interface built on a modern tech-
nology stack. Figure 4 shows the new landing page for the site,
featuring a selection of photographic thumbnails (left), an interac-
tive map (top right), and interactive timeline split by photographer
(bottom right). The entire page is now implemented as a React.js
app, allowing all of the elements of the page to be linked together.
Clicking on the state of Texas on the map, for example, zooms to
the state of Texas. At the same time, the photographs on the left and
timeline at the bottom are updated simultaneously. Further clicking
on a photographer at the bottom updates the map and photos fur-
ther. The result of clicking on the state of Texas and photographer
Russell Lee is given in Figure 5. Linking these elements together
helps to center the photographs themselves, the main attraction for
most users, by putting them on the landing page and updating them
dynamically rather than through a secondary page. It also allows
for transdisclinary analyses at the intersection of space, time, pho-
tographer, and themes that were not available through the original
site.

A major limiting factor in offering many coupled visualizations
is the available screen area available for multiple visualizations. Sig-
nificant effort has been put into compressing the amount of space
needed for the default visualizations. For example, the dynamic
slippy maptile approach of the original site has been replaced with a
fixed zoom level map served by a GeoJSON file [18]. To compress
space and improve the visibility of the entire collection, Hawaii,
Alaska, Puerto Rico, and the U.S. Virgin Islands have been reposi-
tioned into the main map. For the timeline of photographers, only
the most prolific photographers are included in the default visualiza-
tion. Additional photographers may still be selected, however, by
clicking the ‘other photographers’ button.

Even with these space saving efforts, it is not possible to include
all of the visualizations in a single window that is still visible on most
standard computer monitors. In order to access other visualizations,
the default interactive map can be replaced with a different visual-
ization by selecting one of the options at the top of the page. These
include a more granular points-based map and a theme visualization
(Figure 6). As with the original map, all of these visualizations are
coupled with the timeline and search results on the side bar.

The search results interactively within the page as the maps,
timelines, and themes are selected provide a way of making visible
the images themselves from the beginning. The search results on
the side bar contain some minimal metadata, and a small thumbnail
of the image. Pages of the results can be scrolled through to see
all of the relevant images. It is still needed, however, to use more
screen space to see a larger version of the image and all of the
associated metadata. In order to not lose the search results, and
to visually emphasis that all of the elements (i.e. metadata and
photos) are connected, this graphic is overlaid over the map and
timeline on the right-hand side of the page. An example is shown
in Figure 7. In order to continue to stress the connection to the
spatial visualization, a small in-lay map of the United States is shown
within the photograph page. By aggregating and connecting different
type of visualizations, the system creates a generous interface that
amplifies digital public humanities inquiry into a collection.

(b) Detailed view of images

Figure 3.11: Analysis of photographs: Visualizing multiple data dimensions [2, p. 3, 4]

of the main view, a visualization displays the distinct photographers in their temporal
dimension. The horizontal axis shows a chronological timeline, while the photographers
are aligned on the vertical axis. On the upper map, locations are highlighted with colors
corresponding to the number of taken photos. At the left panel, photos of the current
selection are displayed. On selecting an image, its details like metadata and textual
descriptions appear in a new window if available (Figure 3.11b). The different parts of
the view are linked by clicking interactions. Furthermore, the user can filter the selection
according to his goals [2].

Another example of visualizing historical items is Foka et al.’s “HistoGraph”. It vi-
sualizes Pausanias’s “Periegesis Hellados”, a series of 10 travel novels, which describes
Greek towns, buildings, monuments, and objects at different historical moments oriented
around events. They used a Space-Time Cube as a visualization technique. In contrast
to a classical Space-Time Cube, the time axis is not chronologically scaled but represents
time intervals of the specific book’s appearance as rows and columns. With colors, either
the annotations per grid-book or the statistical significance of emerging hot spots in the
book, time and place are highlighted (Figure 3.12). Descriptions of the related events
are linked to each book’s bin. If selected, details are shown on demand [6].

Semantically geo-annotating an ancient Greek “travel guide” GeoHumanities’20, November 3–6, 2020, Seattle, WA, USA

events, like the “Trojan War” rather than modern cardinal dates),
and linking the prosopographic data that we are generating to other
resources (like Wikidata). The main task of the project—the anno-
tation of named place entities, such as settlements, monuments,
artworks, etc.— is for the most part complete. The current state
of tagging shows 37,752 annotations of the 3,168 canonical para-
graphs of the 10 books of Pausanias, or an average of 12 annotations
per paragraph. There are 17,110 place annotations, 17,481 anno-
tated persons, and 598 events, plus 2,563 other annotated words
or phrases, capturing named literary works, materials used, and a
host of narrative, temporal and spatial terms.

We have currently captured a number of space entities, 13,316
mentions of 3,299 places towhich a Pleiades, ToposText, DAI/Arachne,
or other URI can be assigned. All but 176 of these place entities have
a coordinate pair in one or more gazetteers, and are thus mappable,
if not always precisely. Predictably, the most frequently mentioned
places, with considerable semantic overlap between cities and their
regions, are:

• Lacedaemon: 372
• Hellas: 319
• Athens: 255
• Elis: 218
• Olympia: 212
• Argos: 185
• Thebes: 176
• Arcadia: 164
• Delphi: 153
• Messene: 146

Some of the more interesting data may not be the known places,
most of which have been or could be extracted for other pur-
poses, but the 3,755 place annotations, representing approximately
3,000 distinct buildings, monuments, or land features, that can-
not be linked to a named entity with existing gazetteers. Of these
‘ungazetteered’ sites, 568 are tagged as sanctuaries (hieron), 366
as temples (naos), 204 as altars, 180 as tombs or graves (taphos),
160 as memorials (mnēma). The list includes roads, springs, foun-
tains, agoras, groves, and many other built and physical objects
that are potentially mappable, because contained in or adjacent to
another, identified place such as a polis. In most cases, the ‘com-
ment’ box entry offers a usable name for a future gazetteer entry.
Post-processing includes assigning an internal ID that eliminates
duplication, for example multiple references by Pausanias to the
theater in Mantineia. In book 6, for example, 192 unidentified place
mentions reduce to 159 distinct monuments or sites.

As Figure 7 shows, by visualizing all of our data in an ArcGIS
Space-Time cube we can observe how it differs from 2D cartog-
raphy that derives from volume categorization and division (e.g.
Figure 2). In this visualization exercise the ten books of Pausanias
comprise Time Intervals instead of actual chronology. The horizon-
tal surfaces determine the spatial extent of the cube, while time
steps, the rows and columns, determine the temporal extent which
is the order of appearance in its book starting with value/volume
number one (bottom rows) to value/book number ten (top rows).
The two pictures that comprise Figure 7 have a 100 km Grid as
the cartographic basis. Bins on Scene A symbolize the raw number
of annotations per grid-book, while Scene B shows the statistical

Figure 7: The Space-Time Cube with a 100 km Grid and the
10 Books of Pausanias as the Time Intervals. Bins on Scene
A symbolize the raw number of annotations per grid-book,
while Scene B shows statistical significance of the hot spots.

significance of emerging hot spots that keep recurring in specific
books.

5.2 Challenges
One immediate practical challenge to our plan to annotate all places
in Pausanias has been the degree and granularity of place infor-
mation that Pausanias provides. Even the richest and most robust
of global authorities for places, such as the Pleiades gazetteer, has
minimal information beyond the settlement level identifier; yet Pau-
sanias’s description mainly consists of such intra-city information,
such as a particular site within the built environment, identification
of individual buildings, even objects in space like statues. Using a
local version of the Recogito platform, we have been experiment-
ing with using place-rich datasets as gazetteers as indicated above,
namely ToposText, Judith Binder’s Art History Gazetteer, and the
German Archaeological Institute’s (DAI) database of finds. This
pragmatic measure helps us link Pausanias’s description directly
to other online resources that describe the same place or object,
and will help form the basis of a future LOD gazetteer for historical
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in Pausanias has been the degree and granularity of place infor-
mation that Pausanias provides. Even the richest and most robust
of global authorities for places, such as the Pleiades gazetteer, has
minimal information beyond the settlement level identifier; yet Pau-
sanias’s description mainly consists of such intra-city information,
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pragmatic measure helps us link Pausanias’s description directly
to other online resources that describe the same place or object,
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Figure 3.12: Space-Time Cube for multiple objects: Pausanias’s 10 books [6, p. 7].
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with “fans”, that is with wedge shapes that indicate growth (in 
the case of the Trends shown here).  While the basic layout 
could be automated, several nuances involved human judgment.  
For instance, Trends which arguably primarily affected the 
southern states are shown above the Events while those Trends 
which primarily affected the northern states are shown at the 
bottom of the figure. 
As a design decision, for ease of presentation and 
understanding, the Events in the panel were placed at equal 
intervals.  Their temporal order was preserved but the relative 
intervals between them were not.  For example, tensions 
between the northern and southern states escalated throughout 
the early 1800s and culminated with outbreak of fighting in 
1861.  Near the top edge of the display is a timeline.  A ratio-
scale timeline would be too compressed for the rush of Events 
leading up to the Civil War.  We chose, instead, what might be 
termed an ordinal timeline.  That is, Events were equally spaced 
out along the timeline regardless of their actual timing.  To give 
a sense of the actual timing, there was a mapping between the 
ordinal and ratio scale timelines. 
The panel shown in Figure 2 would link to other panels.  The 
viewer is alerted to the existence of these other panels by heavy 
bars on the left and right edges of the display (e.g., Constitution 
and Civil War).  This panel may be viewed as analogous to a 
chapter in an American history textbook. 

4.2.2. Controls and Interaction 
The controls and textual descriptions run down the right side of 
the screen.  Upon entering the screen, the user would select one 
of the Threads to view and the first event associated with it 
would be presented and would become the “Active Event”.  The 
appropriate Thread Description would appear and the Events 
and Trends associated with that “Active Thread” would be 
highlighted.  Other Events and Threads (i.e., those not 
associated with the Active Thread) are grayed out.   
The viewer may then step through Events with the “Next” 
button attached to the “Active Event” description.  When the 
next Event is requested, it becomes the Active Event and the 
description for it is displayed in the Active Event panel.  As 
each Event/Trend in the Thread is viewed, it is marked with a 
filled red circle. 

5. A Semi-Formal Notation 
5.1. Purpose of Notation 
It will be helpful to have a notation for describing causal 
relationships.  Such a notation could be useful for describing 
general causal relationships such as those in scientific 
abstractions as well as the relationships among specific Events.  
This approach has several advantages: (1) It could be shared and 
reused across applications; (2) It could eventually be useful for 
developing an automated layout manager for the displays, and

 
Figure 2: Screen for “Causes of the Civil War” with Events and Trends.  This is an alternate presentation to the causal and narrative timeline shown in 
Figure 1.  Trends, which are a new feature developed for this interface, are shown by “fans”.  Events and Trends from the Active Thread are shown in red.  
Events and Trends which have been visited during a session are indicated with a red dot.  Events and Threads which are not part of the Active Thread are 
grayed out.  For the example shown in the figure, the Cotton/Agriculture Thread starts with the invention of the Cotton Gin and includes the highlighted 
Trends. 

 

(a) Visualizing coherences between events

IML ’17, October 17–18, 2017, Liverpool, United Kingdom W. Dzwinel, R. Wcisło and M. Strzoda

Figure 2: Visualization of the network of historic events. In figure (a) we show the timeline (arrows) and the types of historical
events. Only vertices with vertex degree higher than 25 are visualized. In figures (b) and (c) we present the edges and the
vertices densities of the network. The numbers in circles from figures (b) and (c) correspond to some important groups of
historical events fromfigure (a). Small differences betweenfigure (a) and (b), (c) come fromnon-deterministic choice of random
neighbors (rn) for respective visualizations.

(b) Temporal process in graphs

Figure 3.13: Examples for analyzing historical coherences [1, p. 5] [5, p. 4]

3.5 Coherences between Events

Robert Allen proposes the idea that history itself may be seen as a tapestry of interwoven
events. When analyzing the causations of events, the problem arises of only fragmentary
evidence, which furthermore may be unreliable. To analyze possible causes of events,
he focused on communicating the coherences between events for gaining insights into
the possible causations. He introduced the idea of Trends as related actions of a set
of entities and Threads as a chain of events. He proposes that Trends as the collective
behavior of many individuals may cause events [1].

Trends are visualized in the top or bottom of the main display as fans (Figure 3.13a).
The fan’s opening is either left or right, dependent on an increase or decrease of the
corresponding behavior. Events are centered in the view, ordered by their chronological
occurrence. To show their temporal dimension, a timeline at the top of the main window
exists. The timeline consists of two parts. The lower part shows the concrete times
of the events at equal intervals to avoid visual clutter. The upper part represents a
chronological timeline. These two timelines are connected with lines showing the relation
of the actual temporal occurrence to the event intervals. Further, Allen introduces the
idea of enriching the visualization with the spatial component using a map [1].

In section 3.2 we have seen that events can be represented as nodes in a graph to display
their relations. While visualizing these relations gives a hint of the events’ coherence,
the temporal dimension is not directly pictured. Dzwinel et al. proposed that using
arrows indicates the temporal process in such a graph, as shown in Figure 3.13b [5].
Thus, arrows in graph visualizations may also highlight Allen’s Threads.
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4 Impact on HifiBot

In our project group “HifiBot” we want to answer questions about the lives of historical
figures with visualizations. Our scope is focused on answering questions about a few
persons. The generated visualization should display the aspects of the person’s life and
enable analysis and comparison of their biographies. As data source we use Gottschalk
et al.’s knowledge graph “EventKG” [7].

Biographical data consists of many data dimensions and offers multiple visualization
possibilities, showing different aspects of the historical person’s life. Because of our lim-
ited scope, we will not focus on prosopographical research. Therefore prosopographical
tools like Khulusi et al.’s [8], or Leskinen et al.’s statistical evaluations [10] are not as rele-
vant for us as biographical views (Figure 3.1) [10] and combination of multi-dimensional
Space-Time Cubes (Figure 3.2c) [13]. Whereas linked Space-Time Cubes would allow a
direct overview of all aspects of a person’s life and allow a comparison of a few biogra-
phies, the handling for non-expert users is unfamiliar. Also, the amount of information
in our data source differs for distinct persons. Thus, we would have to consider several
corner cases, like missing data dimensions or time intervals. Combining a timeline and
map would be more beneficial for our goals because users are more acquainted with them
and because we would not need to consider as many effects of missing data.

Displaying historical items will probably not have a high impact on our project as they
are not our prior use case. So specialized visualizations as shown in section 3.4 will
probably not be in our scope. However, as they have similar information as biographical
data, we could switch the perspective of our visualizations from figures to items. In
this case, again a combination of map and timeline visualization would be beneficial
for showing most properties of these objects. When we want to integrate them into a
biographical visualization, we can link them to other biographical properties and display
them on demand.

For highlighting relations between historical people and events, force-directed graphs
(Figure 3.6a) [12] or arrows in a timeline (Figure 3.8a) [11] could be an option for
us. Here, communicating the relation type to the user will be our main concern, as
our relations are computed from Wikipedia links, which have different relationships.
Sometimes the type may even be missing. Assuming we already display a timeline for
the biographies, it would be easier to add relations to this visualization, similar to Lipka
et al.’s work [11], instead of creating a new visualization for this use case.

When visualizing movement behavior, we will often have to deal with discontinuous
data, as parts may be missing. As such, our options will mostly be limited to map
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visualizations, either by using markers on a map (Figure 3.1) [10] or animated, like
Bielejec et al.’s work (Figure 3.10) [3].

As we are focused on persons and their life, showing coherence between events is also
not part of our main goal. Also, our data source may not contain hints to causations like
Trends. So we are limited to display the temporal process of events within a historical
person’s life. For this use case, we can find inspirations in using arrows to indicate
temporal relations in graphs like Figure 3.13b [5]. If we have a timeline, we could
also order the events chronologically or highlight their relations similar to Lipka et al.’s
“Scaleable Timeline Visualization” (Figure 3.8a) [11].

As I have already indicated, we will have to deal with missing or uncertain data because
of our data source. In the previously described examples, there were some ideas on
how to communicate such uncertainty, especially in timeline visualizations, which we
could also use in our work. One suggestion is using symbols, like triangles to point
to the direction of the uncertainty when dealing with unprecise temporal descriptions
like “before” or “after” as proposed by Khulusi et al. [8]. In case we do not know the
temporal direction of the uncertainty, Lipka et al. proposed the idea of fuzzily draw the
border of the visualized entity [11].

Another problem, which we probably will encounter when using timeline visualizations,
is the visual clutter of displayed entities. To tackle this problem, we could take inspira-
tion from Robert Allen, who used two timelines to visualize first the events with equal
intervals and then showed their chronological order on the second one [1]. More com-
monly used are zooming operations, as Lipka et al. mentioned [11]. The implemented
sorting algorithm, which he used in his timeline visualization (see Figure 3.8b), will
probably take too much time because this is just one part of our visualization.

To sum it up, this research is highly relevant for our project, as it shows possibilities
to visualize biographical historical data. Especially relevant for us will probably be the
map and timeline visualizations. Also, we get hints at how to deal with uncertain data
and visual clutter in timeline visualizations.
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5 Conclusion

There are multiple ways to visualize historical figures and events. These visualizations
can be divided into visualizations for biographies, relations, movement behavior, histor-
ical items, or coherences between events.

Visualizations for biographies are the most diverse. They consist of maps and time-
lines, multiple Space-Time Cubes, or combine several timelines with different scales. For
prosopographical research, they may be enriched with diagrams for statistical analy-
sis. The different visualization is linked to communicate the interconnectedness of the
multidimensional biographical data.

Historical items have similar complex data dimensions as biographies, as only the view-
point is switched to objects instead of persons. It reaches from combining maps and
timelines to specialized Space-Time Cubes. As before, interactions like linking, filtering,
and selecting and showing details on demand play an important role.

Relations between historical figures and events are mostly displayed with force-directed
graphs. They offer possibilities to show different relationship types in the edges color
or link details to the nodes and edges. Filtering and selecting enables exploration of
sub-networks. Next to graphs, relationships between people and events can be indicated
by arrows in timeline visualizations, where the temporal dimension is better displayed.

For visualizing movement behavior, it is necessary to distinguish between continuous and
discontinuous data. Continuous movement behavior can be translated into trajectories,
which can either be visualized two-dimensional on a map or three-dimensional inside a
Space-Time Cube, where the temporal aspect is highlighted. Discontinuous movement
data can be displayed on maps, where they are either animated to show the time or
indicated with markers.

Historians often research causations for historical events. Visualizations can help in this
research by highlighting the temporal process of events with arrows in graphs or order
them in a timeline visualization. To further support the analysis, influences can be
indicated by fans.

For our project map and timeline, visualizations seem the most relevant, as they can
be used for most use cases. Also, techniques to communicate uncertain data like fuzzily
drawn borders or displaying symbols may be interesting for us. Interactions further
enable analysis and interconnectedness of data and should be incorporated when multiple
visualizations are displayed.
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