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Abstract  
We describe a vision of historical analysis at the world scale, through the 
digital assembly of historical sources into a cloud-based database, where 
machine-learning techniques can be used to summarize the database into a 
time-integrated actor-to-actor complex network. Using this time-integrated 
network as a template, we then apply the method of automatic narratives to 
discover key actors (‘who’), key events (‘what’), key periods (‘when’), key lo-
cations (‘where’), key motives (‘why’), and key actions (‘how’) that can be 
presented as hypotheses to world historians. We show two test cases on 
how this method works. To accelerate the pace of knowledge discovery and 
verification, we describe how historians would interact with these automat-
ic narratives through an online, map-based knowledge aggregator that 
learns how scholars filter information, and eventually takes over this func-
tion to free historians from the more important tasks of verification, and 
stitching together coherent storylines. Ultimately, multiple coherent story-
lines that are not necessary compatible with each other can be discovered 
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through human-computer interactions by the map-based knowledge aggre-
gator. 
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I. INTRODUCTION: COMPLEX SYSTEMS & COMPLEX NETWORKS 
 
Before we proceed to explain the method of automatic narratives, 
and how it can be applied to historical databases, let us first un-
derstand the complexity theory basis of the method. Complexity 
theory is the science of complex systems, which are systems with 
very many variables interacting with each other strongly and in 
nonlinear ways. In general, people do not confuse simple sys-
tems with complicated or complex systems. For example, a bow 
and arrow make up a simple system. If we pull the bowstring 
back by the same amount, and shoot the arrow off at the same 
angle, the arrow will fly more or less the same distance each time. 
It is this reliability that makes the bow and arrow such an effec-
tive weapon throughout the ages. In contrast, people often con-
fuse a complicated system with a complex system. A car is an ex-
ample of a complicated system, because it is made up of 30,000 
parts. However, a car is not complex. Its behavior is simple and 
predictable: if we turn the steering wheel left, the car turns left; 
if we step on the accelerator, the car picks up speed; and if we 
engage the brake, the car slows down and eventually stops. 
Again, it is this reliability and predictability that makes the car 
such a popular mode of transport. A human crowd, on the other 
hand, is an example of a complex system. In situations where 
two human crowds want to move through a congested area in 
opposite directions, lane formation will be observed.1 This hap-
pens without the guidance of any central authority, or commu-
nications between individuals. 

1 Stephen J. Guy, Sean Curtis, Ming C. Lin, and Dinesh Manocha, “Least-Effort Tra-
jectories Lead to Emergent Crowd Behaviors,” Physical Review E 85, no. 1, (2012): 016110. 
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Now, many have written on ‘complexity’ and ‘complex sys-
tems,’ and frequently without definitions or qualifications. This 
led to others suspecting that in many of these writings, ‘complex’ 
merely means ‘complicated.’ Indeed, for some scholars, ‘complex’ 
is treated as an erudite version of ‘complicated.’ They are of 
course allowed to do so; no one has exclusive right to use the 
word ‘complex.’ However, in this paper, ‘complicated’ and ‘com-
plex’ are conceptually distinct. It would certainly be helpful to 
rigorously define ‘complexity’ and ‘complex,’ and contrast this to 
the definition of ‘complicated.’ Unfortunately, while nearly eve-
ryone might agree to ‘complicated’ as meaning ‘being made up 
of many different parts,’ as far as we know there is no universally 
accepted definition of ‘complex systems.’ Certainly, in algorith-
mic information theory, a system (treated as a computer that 
converts input to output) is said to be complex if a shorter input 
program cannot generate its binary output string.2 We would 
not want to recommend this as the definition of complex sys-
tems, as the starting point of algorithmic information theory is a 
highly stylized model of the world. What we would like to do in 
the rest of this section, therefore, is to present to the readers 
what features complex system scientists agree are present in 
complex systems, but are absent from systems that are merely 
complicated. 

In his famous essay More is Different,3 Nobel Laureate in 
Physics Philip W. Anderson highlighted one key characteristics 
of a complex system, that its “whole is not only more than but 
very different from the sum of its parts.” This character of a 
complex system is given the name emergence, whose philosophi-
cal roots can be traced back to Aristotle. If Metaphysics had been 
written in modern English, Aristotle would have said something 
to the effect that “the whole is different from the sum of parts.” 
Modern philosophers like John Stuart Mill,4 George Henry Lew-

2 Gregory J. Chaitin, Algorithmic Information Theory, (Cambridge, MA: Cambridge 
University Press, 1987). 

3 Philip Warren Anderson, “More is Different,” Science 177, no. 4047 (1972): 393–96. 
4 John Stuart Mill, A System of Logic, Ratiocinative and Inductive, 8th edition, (New 

York: Harper & Brothers, 1882). Available at The Project Gutenburg EBook, 
https://www.gutenberg.org/files/27942/27942-h/27942-h.html. 

                                                        

Downloaded from Brill.com05/19/2023 07:03:34PM
via free access



86 | ASIAN REVIEW OF WORLD HISTORIES 4:1 (JANUARY 2016) 

es,5 Nicolai Hartmann,6 Charles Dunbar Broad,7 Conwy Lloyd 
Morgan,8 and Samuel Alexander9 then explained that a property 
or behavior of a complex system is emergent, if it can be identi-
fied with the whole, but not with any of the parts. For example, 
water is made up of water molecules, which are themselves 
made up of hydrogen and oxygen atoms. However, neither hy-
drogen atoms nor oxygen atoms, however many, can be associ-
ated with the ‘wetness’ of water. In fact, the physical phenome-
non of wetting, which is water dispersing over surfaces that 
come into contact with it, does not arise until we have a large 
number of water molecules present. Similarly, a society is a 
complex system, because it is made up of individuals who inter-
act conditionally, and in many different ways. Therefore, it is to 
be expected that society sport many emergent features that can-
not be attributed to the behavior of individuals. Since history is 
the study of how society changes with time in the past, it is im-
portant to understand history as the study of a very complex sys-
tem. 

In some sense, a complex system is the antithesis of reduc-
tionism. Instead of understanding its behaviors in terms of its 
parts, a complex system simply cannot be understood this way. 
Philosophers like Alexander call these emergent behaviors inex-
plicable. Mathematicians, computer scientists, and theoretical 
physicists, in thinking about how a complex system defy reduc-
tionism, talks about how it cannot be described by simple mod-
els or short computer programs.10 Instead, to describe a complex 
system, we frequently have to resort to using one simple model 

5 George Henry Lewes, Problems of Life and Mind: The Foundations of a Creed, vol. 
I & II (Boston: James R. Osgood & Co., 1875). Available at 
https://archive.org/details/problemslifeand03lewegoog. 

6 Nicolai Hartmann, New Ways of Ontology, translated by Reinhard C. Kuhn, (Chica-
go: Henry Regnery Co., 1953). Available at 
https://archive.org/details/newwaysofontolog00hart. 

7  Charlie Dunbar Broad, The Mind and its Place in Nature (London: Kegan 
Paul,1925). 

8 Conwy Lloyd Morgan, Emergent Evolution (London: Williams & Norgate, 1923). 
Available at https://www.brocku.ca/MeadProject/Morgan/Morgan_1923/Morgan02_toc.html. 

9 Samuel Alexander, Space, Time, and Deity, vol. I & II (New York: The Humanities 
Press, 1920). Available at https://archive.org/details/spacetimeanddeit00alexuoft. 

10 Vince Darley, “Emergent Phenomena and Complexity,” Artificial Life 4 (1994): 
411-16. 
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at every emergent level, else the computer program to generate 
its behavior would be just as long as a verbatim description of its 
properties. In some sense, historians already know this, in that 
they are wary of naïve comparisons between different historical 
periods, no matter how similar the sequence of events were in 
these periods. Though people may say that we make the same 
mistakes when we do not learn from history, what we must be 
aware of, in complexity terms, is that the contexts surrounding 
these ‘mistakes’ are different, thus making the ‘mistakes’ them-
selves also different. 

However, this is not to say that universal patterns do not 
appear in history. Through its strong and nonlinear interactions, 
complex systems are capable of resisting changes. For example, a 
bacterium is a complex system that interacts with a highly varia-
ble environment. When energy sources in the form of glucose is 
easily available, the bacterium maintains many biochemical 
pathways that allows it to go through cell division and multiply. 
However, when glucose is scarce, the bacterium goes into energy 
conservation mode, and shuts down some biochemical pathways. 
Apart from these changes, however, the bacterium’s other bio-
logical functions remain intact. It is only when the environmen-
tal glucose concentration goes many orders of magnitude below 
the ‘normal’ level, will the bacterium enter a starvation response 
mode, where nearly all essential biological functions are shut 
down. When the complex system is able to retain its present 
functions, over a wide range of environmental inputs, it is said to 
be robust, and reside within a deep basin of attraction. In con-
trast, a simple linear system changes continuously as its parame-
ters are changed. Therefore, even though the contexts they ap-
pear in are different, the patterns manifested in different histori-
cal periods can be largely the same once certain conditions are 
satisfied, because these historical periods fall into the basin of 
attraction of a robust regime. In this sense, certain patterns of 
historical outcomes are inevitable, because their chains of events 
started out deep within a robust regime. Complexity theory 
therefore suggests that these universal flows be studied and un-
derstood, and elevated to a level of truth that historians have 
never felt comfortable talking about. 
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Though many historical movements may share a common 
end point, if they are trapped in the basin of attraction of an at-
tractor, history is still not deterministic because of decisions are 
made in noisy situations with incomplete information. More im-
portantly, as a result of this robustness, when we tune a small 
number of parameters (the control parameters) of the system, we 
will find the system maintaining more or less the same qualita-
tive behavior, until it suddenly switches over to another qualita-
tive behavior. This happens because the original basin of attrac-
tion disappears, and the system falls into another basin of attrac-
tion that grew to be bigger and deeper. We call these abrupt 
changes regime switch, regime shift, or critical transitions.11 In 
the new basin of attraction, a new set of control parameters be-
comes active, explaining the qualitative differences between the 
initial and final basins of attraction. As we illustrate with the 
starts and ends of various political regimes in Figure 1, there are 
many well-documented regime shifts in history, which are 
switches from one political regime to another. Because regime 
shifts are sudden, and because complex system is robust, we also 
expect long time intervals of nothing much happening, punctu-
ated by periods of intense activities. Here let us point out that 
the term ‘regime’ is widely used in the social sciences and eco-
logical sciences, without any political connotations. [Fig. 1] 
 

 
Figure 1. Critical transitions in history. In this figure, the horizontal axis gives the years in the 
Common Era, while the horizontal gray bars stacked vertically represent timelines of differ-
ent geographical regions. A black vertical bar within a timeline denotes a sudden shift in po-

11 Marten Scheffer, Critical Transitions in Nature and Society (Princeton, NJ: Prince-
ton University Press, 2009). 
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litical regime, usually as a result of war. As we can see, sudden political regime shifts tend to 
be spatially extended (red boxes), episodic, separating calm periods when the political re-
gimes are stable. 

 
Another important characteristic of a complex system is 

history dependence or contingency. When we repeatedly perturb 
a simple system in the same way, the system responds in more 
or less the same way. However, when we repeatedly perturb a 
complex system, even if we do it in the same way there can be 
many outcomes. Unlike a simple system, which ‘forgets’ all the 
things that had happened to it, a complex system has a long 
memory, ‘remembering’ the most recent sequence of events. 
Therefore, when we perturb a complex system, whether it will 
remain in the same regime or switch to a new regime depends 
on whether it had remained in the same regime or switched after 
the past sequence of perturbations. That is, the current response 
of a complex system depends on its history of responses. Like the 
complex system that produces it, the sequence of responses to 
perturbations is also complex. This means that the sequence 
cannot be thought of as being produced by a simple computer 
program, deterministically or probabilistically. Therefore, it is 
frequently difficult to predict the outcome of a perturbation, un-
til it actually happens. This history dependence is of course very 
familiar to historians, who realized that blood feuds between 
kingdoms could last for centuries, because the parties involved 
remember someone dear to them who died in past conflicts. His-
torians also sometimes conjecture that should events had turned 
out differently, these kingdoms could be at peace. 

If we examine regime shifts more carefully, we will find that 
they occur when tipping points are crossed. To understand the 
concept of a tipping point, consider the chair on a slope shown 
in Figure 2. In this example, the chair goes from being stable to 
being unstable as the incline angle 𝜃 passes a critical angle 𝜃𝑐. 
We say therefore that the chair-incline system reaches a tipping 
point when 𝜃 = 𝜃𝑐. In a complex system, there are also parame-
ters we can change. As we change these parameters slowly across 
a tipping point, the complex system can suddenly change from 
one regime to another regime. Knowing what the tipping points 
are allow us to understand the natures of the regime shifts, why Downloaded from Brill.com05/19/2023 07:03:34PM
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a complex system will sometimes approach a critical transition 
but turn back round at the last minute, and what sequences of 
regime shifts are possible. Clearly, it would be of great interest to 
identify tipping points in history, as the defining moments when 
the tides turned. Having a detailed set of tipping points can cer-
tainly help historians construct more compelling counterfactual 
histories. [Fig. 2] 
 

 
Figure 2. A chair-incline example illustrates the concept of a tipping point. In (a), the chair 
set on the incline with slope 𝜽𝟏 < 𝜽𝒄 is stable. In (c), the chair set on the incline with slope 
𝜽𝟑 > 𝜽𝒄 is unstable, and will topple over. Therefore, when we increase the slope of the in-
cline from 𝜽𝟏 to 𝜽𝟑, we will go from a stable regime to an unstable regime, passing through 
the tipping point 𝜽𝟐 = 𝜽𝒄. 

 
When two parties went to war, they were of course engaged 

in localized skirmishes or battles. We can try to visualize how 
the two parties’ spheres of influences change over time. Such 
visualization can show escalation clearly, but if these conflicts do 
not bring about a regime shift, then it may not be necessary to 
keep so much detail. Instead of showing the changing spatial ex-
tents of historical agents, we can represent such agents as nodes 
or vertices on a complex network, and their interactions as links 
or edges. If we do not care about the types of interactions, the 
history of interactions between agents can be summarized into 
one of the forms of complex networks shown in Figure 3. We can 
think of the complex network, which is a visual representation of 
the allowed interactions, as the logic of the complex system we 
distill the complex network from.12,13 What is possible on the 

12 Alberto-Laszlo Barabasi, Linked: How Everything is Connected to Everything Else 
and What it Means for Business, Science, and Everyday Life (New York: Plume, 2003). 
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complex network may also be possible in the complex system, 
but what is impossible on the complex network will also be im-
possible in the complex system. In this sense, we cannot under-
stand a complex system unless we first understand its underlying 
complex network. [Fig. 3] 
 

 
Figure 3. (a) A complex network with one type of unweighted, undirected links. (b) A com-
plex network with one type of unweighted, directed links. (c) A complex network with 
weighted (shown with different line thicknesses), undirected links. (d) A complex multigraph 
with three different types of unweighted, undirected links. In such networks, the nodes (cir-
cles) represent actors or variables, while the links (lines or curves joining nodes) represent 
interactions between actors or variables. 

 
At this point, let us add a note that research on complex 

networks developed independently of research on complex net-
works, and the link that we have described above is realized only 
recently. Earlier papers on complex networks did not emphasize 
the underlying complex system. In the literature, a complex 
network is a graph with non-trivial topological features not ex-
pected from a regular graph (all nodes topologically equivalent) 
or a random graph (links generated by a simple probabilistic 
procedure). We will discuss what these non-trivial topological 
features are in the following paragraphs. Naturally, one wonders 
whether the graph of interactions within a complex system will 
necessarily be a complex network, and whether we can distill a 

13  Mark Newman, Networks: An Introduction (Oxford: Oxford University Press, 
2010). 
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complex network of interactions from a system that is compli-
cated but not complex. The answer to the first part of the ques-
tion is affirmative, i.e. the network of interactions from a com-
plex system is necessarily complex. The answer to the second 
part of the question is less affirmative, i.e. it is possible to have a 
merely complicated system with a complex network of interac-
tions. For example, a complex network with linear interactions 
will not be a complex system, because it will have a single fixed 
point and thus not exhibit regime shifts and emergent behaviors. 

To decide whether a given graph is a complex network, we 
first examine the topology or ‘shape’ of the network. In general, 
different nodes will be connected to different number of neigh-
bors. The number of neighbors connected to a node is called the 
degree 𝑘 of the node. The average degree 〈𝑘〉, obtained by averag-
ing 𝑘 over all nodes in the network, then tells us how intercon-
nected the network is. If 〈𝑘〉 is small, our network is sparse. If 〈𝑘〉 
is large, our network is dense. Beyond the average degree 〈𝑘〉, we 
can also look at the degree distribution 𝑃(𝑘), which tells us how 
likely it is for us to find nodes in the complex network with de-
gree 𝑘. Nodes with very high degrees are called hubs.  

To understand how complex networks arise in the real 
world, network scientists have also developed models. In 1959 
Paul Erdos and Alfred Renyi proposed that we start with 𝑁 
nodes, and link each pair of nodes with probability 𝑝. As we can 
imagine, this is a network where pairs of nodes are randomly 
connected, and so we call it a random network or a Erdos-Renyi 
(ER) network. 14  The average degree of such a network is 
〈𝑘〉 = 1

2
(𝑁 − 1)𝑝, and the degree distribution is given by the 

Poisson distribution 𝑃(𝑘) = 𝜆𝑘𝑒−𝜆/𝑘!. A random network is not 
complex. In the 2000s, network scientists started measuring the 
degree distributions of real world networks like the internet,15 
the world-wide web,15 food webs,16 actor co-starring network,17 

14 Alfred Renyi and Paul Erdos, “On Random Graphs,” Publicationes Mathematicae 6, 
no. 5 (1959): 290-97. 

15 Reka Albert, Hawoong Jeong, and Albert-Laszlo Barabási, “Error and Attack Tol-
erance of Complex Networks,” Nature 406, no. 6794 (2000): 378-82. 

16 Jennifer A. Dunne, Richard J. Williams, and Neo D. Martinez, “Food-Web Struc-
ture and Network Theory: The Role of Connectance and Size,” Proceedings of the National 
Academy of Science 99, no. 20 (2002): 12917-22. 

                                                        

Downloaded from Brill.com05/19/2023 07:03:34PM
via free access



CHEONG, NANETTI, FHILIPPOV: “DIGITAL MAPS AND AUTOMATIC NARRATIVES” | 93 

and found that their degree distributions are not Poissonian, but 
are instead power laws of the form 𝑃(𝑘) = 𝐴 𝑘−𝛼. A network 
with a power-law degree distribution is complex, and said to be 
scale-free, because of a special property of power laws. In 1999, 
Albert-Laszlo Barabasi and Reka Albert proposed a preferential 
attachment model of complex network growth that always pro-
duce scale-free complex networks with 𝛼 = 3. We call this the 
Barabasi-Albert (BA) network model.17 

At the beginning, network scientists focused on under-
standing complex networks through their degree distributions. 
Soon they realized that the degree distribution alone does not 
completely specify the type of complex networks, and they start-
ed measuring other properties like clustering, betweenness, and 
assortativity. When we say that the nodes of a complex network 
are highly clustered, we mean that two nodes that are linked to 
each other are likely to have common neighbors. A node has 
high betweenness if many shortest paths (sequence of links trav-
ersed in going from one node to another) pass through it. A 
complex network is said to be assortative, if a high-degree (low-
degree) node on it is more likely to be connected to another 
high-degree (low-degree) node than to a low-degree (high-
degree) node. If high-degree nodes are more likely to be con-
nected to low-degree nodes, and vice versa, the complex net-
work is said to be disassortative. Regular networks and random 
networks that are not complex have zero assortativity. In the so-
cial science arena, assortative complex networks are said to ho-
mophilic. Other properties like the average path length or diame-
ter of a complex network are also measured. 

In the 1960s, Stanley Milgram carried out a mail forwarding 
experiment in the United States to see how many intermediate 
acquaintances a letter has to pass through, to reach a target in-
dividual. When Milgram analyzed the completed chains of let-
ters, the number of intermediates needed peaked at six, leading 
to the famous six degrees of separation, and inflated claims that 
it is possible to reach any person in the world in less than six 

17 Albert-Laszlo Barabási and Reka Albert, “Emergence of Scaling in Random Net-
works,” Science 286, no. 5439 (1999): 509-12. 
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hops along the social network of acquaintances.18 A network 
with 𝑁 nodes is said to have the small-world property if its aver-
age path length is 〈𝑙〉 = 𝐵 log𝑁 . Duncan Watts and Steven 
Strogatz explored small-world networks by starting out with 
regular networks, where every node has the same number of 
neighbors, and then adding random shortcuts, or by randomly 
rewiring existing links. This model is now called the Watts-
Strogatz (WS) model.19 Since their pioneering work, network sci-
entists have found that random networks are small-world,20 
while scale-free networks are ultra-small-world, with 〈𝑙〉 =
𝐵 log log𝑁.21 

Complex networks are also not ‘spatially’ homogeneous: in-
teractions between nodes can be stronger in some parts of the 
network, and weaker elsewhere. This is especially true for social 
networks, where interactions are strong within specific social 
circles, and weak outside. We call a group of strongly-interacting 
nodes a community or a cluster, and the detection of communi-
ties or clusters in complex networks was identified as an im-
portant problem recently.22 By now, the problem can be consid-
ered more or less solved, with many accurate and efficient algo-
rithms developed. For our Interactive Global Histories project, as 
well as the broader historian community, the existence of tools 
that would allow us to automatically and objectively identify fac-
tions and alliances in historical databases is highly re-assuring. 
In particular, some of these community detection methods are 
compatible with hierarchies in the communities. For example, if 
we examine the trading patterns reported in the Morosini Codex, 
we would not only be able to discover the regional trading blocs, 
but also global consortiums of regional trading blocs formed to 
facilitate the flow of goods over larger spatial cross sections. Un-

18 Stanley Milgram, “The Small World Problem,” Psychology Today 2, no. 1 (1967): 
60-67. 

19 Duncan J. Watts and Steven H. Strogatz, “Collective Dynamics of ‘Small-World’ 
Networks,” Nature 393, no. 6684 (1998): 440-42. 

20 Agata Fronczak, Piotr Fronczak, and Janusz A. Hołyst, “Average Path Length in 
Random Networks,” Physical Review E 70, no. 5 (2004): 056110. 

21 Reuven Cohen and Shlomo Havlin, “Scale-Free Networks are Ultrasmall,” Physical 
Review Letters 90, no. 5 (2003): 058701. 

22 Andrea Lancichinetti, and Santo Fortunato, “Community Detection Algorithms: A 
Comparative Analysis,” Physical Review E 80, no. 5 (2009): 056117. 
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like place names and governments, this information is hidden in 
the historical database, in a way that the human mind cannot 
comprehend, but can be distill using complex network methods. 

Real-world complex networks are dynamic. The network 
can grow, through the addition of new nodes and new links. It 
can change, whereby existing links are rewired. Finally, the net-
work can also decay, through the deletion of nodes or links. In 
Figure 4 we show what happens when links are progressively de-
leted from a dense ER network with 〈𝑘〉 > 𝑘𝑐. Initially, all nodes 
in the network belong to the same cluster; because it is possible 
go from any node in the cluster to any other node in the cluster 
by hopping along the links. As links are deleted, the network be-
come sparser, i.e. 〈𝑘〉 decreases, but all nodes are still in the 
same cluster. However, once enough links are deleted that 
〈𝑘〉 < 𝑘𝑐, the network will fall apart, giving rise to more than one 
cluster of nodes. This change from a fully connected network to 
several disconnected sub networks occur abruptly at 〈𝑘〉 = 𝑘𝑐, 
and is called the percolation transition.23 Essentially, an empire is 
a complex network of local governments. When the empire un-
dergoes a critical transition and collapses, this complex network 
also go through a percolation transition and break up into small 
regional clusters. Through a combination of community detec-
tion and understanding of percolation dynamics, we might be 
able to reliably predict what local governments will form after 
the percolation transition. [Fig. 4] 
 
 

 
Figure 4. (a) A dense network with 12 nodes, all belonging to the same red cluster. (b) After 
some links are deleted, the network became sparse, but its 12 nodes still belong to the same 

23 Duncan S. Callaway, Mark Newman, Steven H. Strogatz, and Duncan J. Watts, 
“Network Robustness and Fragility: Percolation on Random Graphs,” Physical Review Let-
ters 85, no. 25 (2000): 5468. 
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red cluster. (c) After even more links are deleted, the network is now disconnected, consisting 
of a six-node red cluster, a two-node green cluster, and four isolated nodes. 

 
There is also growing interest in visualizing how the topol-

ogies of dynamic networks change. As shown in Figure 5, stack-
ing networks at successive times into a temporal network can do 
this.24 This is similar in spirit to a evolutionary set theory ap-
proach introduced recently by Tarnita et al.25 In this figure, links 
between nodes at a given time are shown in blue, while red di-
rected links connect nodes at one time point to the same nodes 
at the next time point. In this figure, we also show a node that is 
removed at time 𝑡 in red, and a node that is added at time 𝑡 in 
green. In principle, we can also add causal links between a node 
at time 𝑡 and a node at time 𝑡 + 1, to indicate cause and effect (if 
these can be established). As we can see, all information on the 
dynamics of the network is captured by this temporal network 
representation. However, if the number of nodes is large or the 
duration to be tracked is long, the temporal network representa-
tion can be very cumbersome. It is then more convenient to vis-
ualize this network dynamics in the form of a movie, on top of a 
time-integrated network with all nodes present, and perhaps al-
so showing all links that appeared over the period of interest. 
This is the basis of our automatic narratives method, which we 
will describe in the next section. [Fig. 5] 
 

24  Petter Holme and Jari Saramäki eds. Temporal Networks, (Berlin Heidelberg: 
Springer, 2013). 

25 Corina E. Tarnita, Tibor Antal, Hisashi Ohtsuki, and Martin A. Nowak, “Evolu-
tionary Dynamics in Set Structured Populations,” Proceedings of the National Academy of 
Sciences 106, no. 21 (2009): 8601-04. 
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Figure 5. The temporal network representation of a dynamic complex network, showing the 
network as a different layer at different times. In this figure, links between different nodes at 
the same time are colored blue, where links between the same nodes at successive times are 
colored red. In this figure, we also show nodes that are deleted at time 𝒕 in red, and nodes that 
are added at time 𝒕 in green. We can also include all nodes and all links, whenever they ap-
pear or disappear, in a time-integrated network (shaded yellow) that can be used as the basis 
for generating frames of a movie of the temporal network. 
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From analyzing the topologies of static networks, and the 
dynamics of networks, attention has now shifted to understand-
ing dynamics on networks in the network science community. 
As we have explained, a complex network is the simplified repre-
sentation of interactions between actors or variables in a com-
plex system, and the connectivity of the complex network se-
verely constrains interactions within the complex system. For 
example, if we consider an epidemic on a social network, an ex-
ample of which is shown in Figure 6, we will find the infection 
spreading only if the network is sufficiently dense, or sufficiently 
clustered.26 On the other hand, infection spreads slowly on high-
ly disassortative networks.27 In almost all epidemics, hubs fea-
ture prominently. This tells us that we can very roughly predict 
the ‘direction’ the epidemic will proceed by predicting which 
hub(s) will be infected next. Perhaps more relevant to historians 
is the problem of opinion spreading on a social network.28 Math-
ematically, this problem is very similar to the problem of epi-
demics on a complex network: a dense, clustered network that is 
highly assortative is conducive to opinion spreading. Very re-
cently, Barabasi et al. have considered the problem of controlling 
a complex network. They found that control signals must not be 
applied to hubs or peripheral nodes (nodes with very small 𝑘), 
but to nodes with intermediate degrees.29 Calling these nodes 
‘man-on-the-street,’ Sloot et al. explained in information-
theoretic terms how intermediate-degree nodes represent a 
compromise between the ease of switching the states of periph-
eral nodes, which have little influence on the rest of the complex 
network, and the strong influence of hubs, whose states are dif-
ficult to switch by control signals.30 [Fig. 6] 

26  Romualdo Pastor-Satorras and Alessandro Vespignani, “Epidemic Spreading In 
Scale-Free Networks,” Physical Review Letters 86, no. 14 (2001: 3200. 

27 Mark Newman, “Assortative Mixing in Networks,” Physical Review Letters 89, no. 
20 (2002): 208701. 

28 Han Xin Yang, Zhi-Xi Wu, Changsong Zhou, Tao Zhou, and Bing-Hong Wang, 
“Effects of Social Diversity on the Emergence of Global Consensus in Opinion Dynamics,” 
Physical Review E 80, no. 4 (2009): 046108. 

29 Yang-Yu Liu, Jean-Jacques Slotine, and Albert-Laszlo Barabási, “Controllability of 
Complex Networks,” Nature 473, no. 7346 (2011): 167-73. 

30 Rick Quax, Andrea Apolloni, and Peter M. Sloot, “The Diminishing Role of Hubs 
in Dynamical Processes on Complex Networks,” Journal of The Royal Society Interface 10, 
no. 88 (2013): 20130568. 
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Figure 6. An epidemic spreads across a complex network. (a) At the start of the epidemic, all 
nodes are susceptible (white) except for b, which is infected (red). (b) b recovers from the 
infection, and become immune to further infections (gray), but not before infecting some of 
its susceptible neighbors, d, e, g, and h. (c) d, e, g, and h recover from the infection to become 
immune, but h has infected i, and either g or h has infected f. None of them can infect b, who 
has become immune. (d) f and i recover and become immune, but f has infected c. The epi-
demic ends here, after c becomes immune, because there are no susceptible nodes that it can 
infect. In this example, eight of the ten nodes succumbed to the epidemic. 

Recently, because of the collapse of banking systems during 
the 2008 global financial crisis, network scientists have also 
started to consider the problems of robustness, resilience, and 
systemic risk from the complex network perspective. Nier et al. 
pointed out that as an interbank network becomes increasingly 
connected, it copes with liquidity shocks better, but at the same 
time allows these shocks to propagate more rapidly through the 
network.31 In this way, the interbank network becomes more ro-
bust (ability to better cope with liquidity shocks) and more frag-
ile (elevated systemic risk) at the same time. Inspired by 
Google’s PageRank algorithm, Battiston et al. developed a 
DebtRank algorithm to measure the level of systemic risk pre-

31 Erlend Nier, Jing Yang, Tanju Yorulmazer, and Amadeo Alentorn, “Network Mod-
els and Financial Stability,” Journal of Economic Dynamics and Control 31, no. 6 (2007): 
2033-60. 
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sent in an interbank network.32 For our Interactive Global Histo-
ries project, we would be very interested to apply the DebtRank 
algorithm to measure the systemic risk faced by the maritime 
trading network at the dawn of globalization. In 2014, Akira Na-
matame and his co-workers used evolutionary computing tech-
niques to find the network topology that is robust with low lev-
els of systemic risk.33 He found that the core-peripheral network 
shown in Figure 7, with a core of highly interconnected nodes, 
each connected then to peripheral nodes, maintains high liquidi-
ty without incurring too much systemic risk. [Fig. 7] 
 
 

 
Figure 7. A core-periphery network, consisting six highly interconnected nodes in the core, 
and 15 peripheral nodes that each connected to only one core node. 

 
Finally, after discovering that real-world complex networks 

are hierarchical, network scientists started studying the problem 
of cascading failure in interdependent networks34,35 (like the re-

32 Stefano Battiston, Michelangelo Puliga, Rahul Kaushik, Paolo Tasca, and Guido 
Caldarelli, “DebtRank: Too Central to Fail? Financial Networks, the FED and Systemic Risk,” 
Scientific Reports 2, no. 541 (2012). 

33 Ryota Zamami, Hiroshi Sato, and Akira Namatame, “Least Susceptible Networks 
to Systemic Risk,” Artificial Economics and Self Organization 669 (2014): 245-56. 

34 Seung-Woo Son, Golnoosh Bizhani, Claire Christensen, Peter Grassberger, and 
Maya Paczuski, “Percolation Theory on Interdependent Networks Based on Epidemic 
Spreading,” Europhysics Letters 97, no. 1 (2012): 16006. 

35 Ling Feng, Christopher Pineda Monterola, and Yanqing Hu, “The Simplified Self-
Consistent Probabilities Method for Percolation and Its Application to Interdependent Net-
works,” New Journal of Physics 17, no. 6 (2015): 063025. 
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gional power grid and the rail network) as well as network of 
networks,36 which are different approximations of the complex 
hierarchical network itself. In the interdependent network ap-
proximation, nodes are first grouped by similarity (for example, 
power substations with power substations, and railway stations 
with railway stations). We then study interactions within each 
network, and thereafter interactions between networks. In par-
ticular, we may study how likely a regime shift in one network 
will trigger a regime shift in the other. In the network of net-
works approximation, nodes are first grouped according to how 
strongly or frequently they interact. The most strongly interact-
ing nodes are organized into a network, but this will have weak-
er interactions with other networks of nodes. This network of 
networks picture is a very useful way to think about functions 
performed by biological molecules in an organism for example, 
because it encapsulates fast processes within individual net-
works, and have slow processes be the result of interactions be-
tween networks. Again, we may study whether and how a regime 
shift in one network will propagate to other networks in this 
multilevel heterogeneous structure. 

 
 

II. AUTOMATIC NARRATIVES FOR HISTORICAL DATABASES 
 
For many databases, making historical records available online 
represents the end of the research, rather than the start of a new 
research project. Naturally, we expect few research questions 
remain of a thoroughly scrutinized record. However, there might 
be interesting questions that a historian can ask, when two or 
more such texts are made available simultaneously. This is true 
whether the historian adopts a traditional approach to such data, 
or use complexity-inspired methods and visualizations. This is 
what the EHM aims to do, in combining chronicles from differ-
ent geographical regions for the same historical period. Fur-
thermore, for the online database to be useful as the starting 
point of historical research, the data must be organized in a logi-

36 Jianxi Gao, Sergey V. Buldyrev, Shlomo Havlin, and H. Eugene Stanley, “Robust-
ness of a Network of Networks,” Physical Review Letters 107, no. 19 (2011): 195701. 
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cal, searchable manner. Taking a leaf out of the principles of the 
semantic web (the so-called Web 3.0), where data is tagged to 
indicate their ontological relationships with other data, Andrea 
Nanetti organized such chronicle data into records representing 
individual events.37 The searchable database was first hosted on 
a WordPress relational database, but with the aid of two Mi-
crosoft Research grants, the database has completed its migra-
tion to Azure, the cloud computing platform developed by Mi-
crosoft. In time, the database will become graph-based, to facili-
tate the graph-based data mining methods described in this sec-
tion. [Fig. 8] 
 

 
Figure 8. (top) The Engineering Historical Memories web interface, with pins showing the 
geographical locations of events in the database. (bottom left) Events were recorded in the 

37 See the paper by Albert Meroño-Peñuela, Ashkan Ashkpour, Marieke Van Erp, 
Kees Mandemakers, Leen Breure, Andrea Scharnhorst, Stefan Schlobach, and Frank Van 
Harmelen, “Semantic Technologies for Historical Research: A Survey,” Semantic Web 6, no. 
6 (2014): 539-64, for a direct application of semantic web technologies for history research. 
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form of easily recognizable entries in the Morosini Codex. (bottom right) These entries must 
first be transcribed into vernacular Venetian, then translated into modern Italian, before final-
ly translated into English. 

 
In Figure 8 we show the web interface for EHM, which con-

sists of a map with pins marking the geographical locations men-
tioned in the database, and a search panel that allows the user to 
search for entries by time period, by geographical location, by 
the name of agents mentioned in entries, by the name of gov-
ernments, or by the type of events. In Figure 8, we also show the 
scan of a page from the Morosini Codex, where we can clearly 
identify individual entries. Beside this scan, we show the corre-
sponding EHM entry, with the Italian translation followed by the 
English translation. Experts who can read vernacular Venetian 
can of course read the scan itself. 

Even though the amount of data in the EHM database is 
still limited by modern day standards, it is already too much for 
historians to read through and piece together a big picture. For 
world historians interested in a bigger picture, however, having 
the data all in one place is only the first step. Like biologists who 
obtained whole genomes for the very first time, they need algo-
rithms to help them sieve through the data to find a smaller sub-
set of interesting bits that human experts can actually go 
through. Besides actively promoting the use of complex net-
works for visualizing historical data,38,39 Marten Düring has done 
work on the automatic detection of events from historical 
text.40,41,42 This automatic information retrieval is the motivation 
behind our automatic narratives method. 

38 Jiri Novak, Isabel Micheel, Lars Wieneke, Marten Düring, Mark Melenhorst, Javier 
Garcia Moron, Chiara Pasini, Marco Tagliasacchi, and Piero Fraternali, “HistoGraph--A Vis-
ualization Tool for Collaborative Analysis of Networks from Historical Social Multimedia 
Collections,” in Information Visualisation (IV), 2014 18th International Conference on 
(2014): 241-50. 

39 Marten Düring, Lars Wieneke, and Vincenzo Croce, “Interactive Networks for Dig-
ital Cultural Heritage Collections-Scoping the Future of HistoGraph,” in Engineering the 
Web in the Big Data Era (2015): 613-16.  

40 Iris Hendrickx, Marten Düring, Kalliopi Zervanou, and Antal Van Den Bosch, 
“Searching and Finding Strikes in the New York Times,” in Proceedings of the 3rd Work-
shop on Annotation of Corpora for Research in the Humanities (ACRH-3). The Institute of 
Information and Communication Technologies, Bulgarian Academy of Sciences, Sofia (2013): 
25-36.  
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As its name implies, the method identifies the most im-
portant actors (‘who’), the most important events (‘what’), the 
most important time (‘when’), the most important place 
(‘where’), the most important motives (‘why’), and the most im-
portant actions (‘how’), to build up key narratives. For example, 
a translated record in the Morosini Codex reads: 

 
“And in 1302, news came to Venice that the sultan of Babylon had 
been defeated by the king of Armenia in the plain of Damascus, in 
which defeat 100,000 Saracens died who were with him. And on ac-
count of these two pieces of news there was great joy in Venice.” 

 
We identify two actors (Babylon and Armenia), the time 

(1302 CE), the place (the plain of Damascus), the event (war be-
tween Babylon and Armenia), and some other details (100,000 
Saracens killed, and Venice’s reaction) from the record. However, 
the motives and actions associated with this event are not in-
cluded in the record, so historians will have to fill in the gaps, 
should they find this event important. As shown in Figure 9, we 
go through all records in the database, to construct a time-
integrated complex actor-to-actor network, where nodes repre-
sent actors identified in the database, and links represent inter-
actions between actors. As we have explained in the previous 
section, this time-integrated actor-to-actor network is the basis 
for visualizing the temporal network of events. Here, let us bring 
up the Actor-Network Theory (ANT) of Bruno Latour and co-
workers.43,44 In ANT, individuals interact with each other, as well 
as with nonhuman agents, and therefore a complete description 
of sociological phenomena should be in terms of these. We do 
not understand why ANT is controversial, as it is not really a so-
ciological theory, but a framework for organizing sociological 

41  Kalliopi Zervanou, Marten Düring, Iris Hendrickx, and Antal van den Bosch, 
“Documenting Social Unrest: Detecting Strikes in Historical Daily Newspapers,” in Social 
Informatics (2013): 120-33.  

42 Mike Kestemont, Folgert Karsdorp, and Marten Düring, “Mining the Twentieth 
Century’s History from the Time Magazine Corpus”, in Proceedings of the 8th Workshop on 
Language Technology for Cultural Heritage, Social Sciences, and Humanities (LaTeCH),  
(2014): 62–70. 

43 John Law, and John Hassard, Actor Network Theory and After, (Wiley, 1999). 
44 Bruno Latour, Reassembling the Social: An Introduction to Actor-Network Theory, 

(Oxford University Press, 2007). 
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data, to guide the building of sociological theories. Although the 
automatic narratives method described in this paper is actor-
centric, and appears to have the flavor of ANT, it does not in-
spire our method. We present our method in an actor-centric 
way, because we find it is easy to tell stories this way. It is also 
possible to develop an event-centric automatic narratives meth-
od, but we do not do so in this paper. [Fig. 9] 

 
 

 
 

Figure 9. The first step in our automatic narratives method is to go through the records, to 
extract the six ‘W’s (who, what, when, where, why, how) of a narrative (left), and to summa-
rize all the relevant records (middle) into a time-integrated complex network (right). Various 
analyses can be performed on this complex network, for example, community detection to 
discover the political blocs A and B (dashed ellipses). 

In principle, actors can be at the level of alliances, govern-
ments, guilds, clans, and families, down to individuals. In our pi-
lot study, we limited the actors to ‘governments’. These are het-
erogeneous in scale, because they can be cities, or kingdoms, or 
empires (like the Mongols or Ming China). We chose these to be 
our actors, because they are persistent, i.e. even though individ-
uals making up such governments change, the governments 
themselves remain distinguishable over long periods of time. 
There are a large number of interactions recorded in the Mo-
rosini Codex. For example, in the record: 

 

“And in 1304, or in 1308, strife arose between Pope Clement and 
the Venetians, because the latter were in the Signoria of Ferrara. 
Because of this the Venetians were placed under an interdict, and 
they were publicly excommunicated, and as a result, they suf-
fered great losses in Apulia and in the Marches and in many 
places wherever they were found. . . ” Downloaded from Brill.com05/19/2023 07:03:34PM
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We find the Vatican issuing an interdict against Venice, 
and excommunicating Venice. If we include all interactions, in-
cluding those that appear rarely in the Morosini Codex, we 
would have to deal with far too many interaction types. There-
fore, for our pilot study we also limited the interactions to three 
categories: war, trade, and diplomacy. Clearly, these categories 
are very coarse, and can easily be subdivided. Ultimately, we can 
work with all actors and all interactions, but at this pilot stage, 
we figure it would be easier to work with a small number of ac-
tors (about 100 over the period of study) instead of all actors, 
and a small number of interaction types instead of very many.  

By summarizing all events between 1205 CE and 1533 CE in-
to the complex actor-to-actor network, we can establish statisti-
cal significance for the various links. Sometimes actors went to 
war over misunderstandings rather than real conflicts of inter-
ests. If we think of these as accidents, we can develop a null 
model of idiosyncratic wars, which can then be used to explain 
the conflicts between actors that went to war against each other 
only a few times. This null model cannot explain actors that 
went to war against each other frequently, and historians will 
need to discover the reasons for these conflicts. However, a stat-
ic time-integrated network can only explain so much. To under-
stand how and why history unfolded the way it did, we need to 
perform time-resolved analysis of the records, using the time-
integrated network as a template.  
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Figure 10. Using the intensity of events to determine key periods in history. (top) In time 
window 𝒕, the two bold links were active, while the thin links were inactive. (middle) In time 
window 𝒕 + 𝟏, 11 links were active. (bottom) Finally, in time window 𝒕 + 𝟐, three links were 
active. This suggests that time window 𝒕 + 𝟏 is a key time period. 

 
In Figure 10, we show how to perform the time-resolved 

analysis of the complex actor-to-actor network. We can of 
course create a movie of the temporal network, and have events 
appear in the network as they occur. However, such a movie will 
be visually noisy, and we may not detect important connections 
when events do not overlap in time. Therefore, it is more con-
venient to select time windows, and have events that occur with-
in the time window be shown the entire time window, however 
brief they may be. To do this, we need to first decide how long 
we want our time window to be. If this time window is too short, 
then the noisy results would make it difficult to establish any 
statistical significance. On the other hand, if this time window is 
too long, then we lose temporal resolution and not get the tim-
ing right. Next, we slide the time window across the period of 
study, so that each time window overlaps with the time windows 
before and after it. This is to ensure that the changes from one 
time window to the next are smooth, so that we can figure out 
what changed between the two time windows. Finally, in each 
time window we highlight the links that were active within it. As Downloaded from Brill.com05/19/2023 07:03:34PM
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shown in Figure 10, two links were active in time window 𝑡, 11 
links were active in time window 𝑡 + 1, and three links were ac-
tive in time window 𝑡 + 2. The event intensities in time windows 
𝑡 and 𝑡 + 2 are comparable, and close to the background level. 
The event intensity in time window 𝑡 + 1 is significantly higher, 
and thus time window 𝑡 + 1 can be considered a key period 
where a regime shift might have occurred. [Fig. 11] 
 

   
   

   
 

Figure 11. Performing time-resolved analysis on the Morosini Codex over the period from 22 
May 1409 to 26 Oct 1409, using 20-day time windows sliding 10 days at a time. In this figure, 
we show the geographically projected actor-to-actor complex networks with only active links 
for the consecutive sequence of time windows starting 30 Aug 1409 (top left), and ending 26 
Oct 1409 (bottom right). 

 
When we tested this time-resolved analysis in a test case on 

the Morosini Codex, we find a period of intense activity between 
the second half of Sep 1409 and the first half of Oct 1409. As we 
can see from Figure 11, during this period Venice was at war with 
Verona, while Rome was at war with Florence and Apulia, and 
we see intensified trade between France and various Italian cities. 

The time-resolved analysis also allows us to identify key 
events. There are many types of key events, and to classify them 
all would require a longer systematic study. We explain how to Downloaded from Brill.com05/19/2023 07:03:34PM
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search for key events using the key event type shown in Figure 12. 
In this figure, we find h at war with a, d, and f on three fronts in 
time window 𝑡. However powerful or well endowed it is, this is 
sure to put a strain on h. Therefore, in time window 𝑡 + 1, h ap-
proaches b to sign a treaty. To fulfill the terms of the treaty, we 
then see b activating its connections to trade with d,45 g, and j in 
time window 𝑡 + 2. Once these resources have been gathered, b 
can send them to aid h, or use it to mobilize its own armies in a 
later time window. In any case, without the treaty in time win-
dow 𝑡 + 1, the flurry of activities emanating from b in time win-
dow 𝑡 + 2 will not occur, and thus we can think of the treaty 
signing as a key event. To identify such events automatically, we 
run through the time windows sequentially, and look out for 
‘spatially’ and temporally proximal patterns of convergence and 
divergence. [Fig. 12] 
 

 
Figure 12. (top) In time window 𝒕, we find a convergence of wars on h, while (bottom) in 
time window 𝒕 + 𝟐, we find a divergence of trades from b. (middle) In time window 𝒕 + 𝟏, h 
signs a treaty with b. The logical interpretation of this sequence of link activation is that h 
feels the strain of waging war against three actors all at once, and seeks help from b. To aid h, 
b then activate its connections to gather resources, which can then be sent directly to h, or to 

45 Contradictions like this arise even today! Syria is fighting the Islamic State (among 
others), but is buying oil produced by the latter from the black market. Iran supports the Syri-
an regime, and is also buying Islamic State oil from a different black market. 
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use for mobilizing its own armies. The contact between h and b can be seen as a key event, 
because without it, the sequence of events originating from b would not have taken place. 

 
We also tested this key event identification on a test case in 

the Morosini Codex, for the period between 1 Mar 1402 and 3 Apr 
1404. In Figure 13, we show that at the beginning of this period, 
the Ottomans were at war with Giagatai, who were also at war 
with Tartaria. Tartaria was trading with Venice, while the Otto-
mans were trading with Rome. Venice and Rome were also trad-
ing with each other. In the time window from 18 Apr 1403 to 14 
Aug 1403, the Ottomans waged brief wars against Tartaria, and 
also against Venice, Serbia, and Candia. After one or more of 
these events, the pattern of war and trade changed dramatically: 
while the Ottomans were still at war with Giagatai, they no 
longer traded with Rome, but traded instead with France. Tar-
taria also ceased trading with Venice, which ceased trading with 
Rome and turned to France instead. France entered the war 
against the Giagatai and also against the Saracens. Let us note 
here that the key event identified here is a different type from 
the one shown in Figure 11. [Fig. 13] 
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Figure 13. Time-resolved analysis on the Morosini Codex over the period from 1 Mar 1402 
to 3 Apr 1404, using 118-day non-overlapping time windows. In this figure, we show the ge-
ographically projected actor-to-actor complex networks with only active links for the consec-
utive sequence of time windows starting 25 Aug 1402, and ending 6 Apr 1404. 

 
 
III. THE DATA-INFORMATION-KNOWLEDGE-WISDOM HIERARCHY 
 
Ultimately, in any scholarly discipline, we would like to go from 
data to information to knowledge. And then, if we as a species 
are wise enough, then perhaps we will also learn from history 
how to live together in peace. However, this progression, called 
the Data, Information, Knowledge, and Wisdom (DIKW) hierar-
chy by Ackoff,46 and elaborated upon by Berlinger et al.47 and 
Rowley48 is not automatic. As shown in Figure 14, to make pro-
gress we need to be aware of the nature of human understanding 
at each and every level. Very generally speaking, data are sym-
bols we associate with features in the outside world. By them-
selves, data are not very useful. For example, Song dynasty coins 
were unearthed in archaeological excavations in Fort Canning in 
Singapore.49 Remnants of wooden poles driven into the mud 
banks of the Singapore River were also discovered.35 By them-
selves, these facts or data do not mean very much. Information is 
the next level of human understanding, attained after we have 

46 Russell L. Ackoff, “From Data to Wisdom,” Journal of Applied Systems Analysis 
16 (2010): 3-9. 

47 Gene Bellinger, Durval Castro, and Anthony Mills, “Data, Information, Knowledge 
and Wisdom,” Available at http://www.systems-thinking.org/dikw/dikw.htm, 2004. 

48 Jennifer E. Rowley, “The Wisdom Hierarchy: Representations of the DIKW Hier-
archy,” Journal of Information Science 33, no. 2 (2007): 163-80. 

49 John N. Miksic, “Recent Archaeological Excavations in Singapore: A Comparison 
of Three Fourteenth-Century Sites,” Bulletin of the Indo-Pacific Prehistory Association 20 
(2000): 56-61. 
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inferred the relationship between data. Information is more use-
ful than data, because they teach us to identify patterns in the 
world around us. However, they are not prescriptions for action 
or problem solving. For the same example, the Song dynasty 
coins and the wooden poles, similar to other existing wooden 
poles small sailing vessels are tied to, point to the existence of 
trading activities in Singapore during the late Song and early Yu-
an dynasties. In present time, this information is no longer use-
ful to us, but we can imagine how useful this piece of infor-
mation, along with the information that different spices are pro-
duced in Southeast Asia, drew merchants from China, India, and 
even the Middle East.50 Together with information on the Mon-
soons, the currents in the South China Sea and the Indian Ocean, 
and which emporia provided the best value for money, these 
merchants arrived at knowledge, a set of proceduralized infor-
mation that allowed them to act on and solve problems. Finally, 
wisdom knows under which situations to act, because some 
problems are worth solving, others are not, and some problems 
are best left unsolved. Following the same example, some of the 
Chinese men who lived in Southeast Asia to organize the spice 
and silk trades became wealthy, and wanted to marry wives. 
Successive Chinese dynasties around the dawn of globalization 
forbade women from leaving China, so some of these wealthy 
Chinese merchants have to resort to smuggling their wives-to-be 
out. If discovered, consequences were dire for their families who 
remained in China. Perhaps wiser, the other wealthy Chinese 
merchants married local women, growing stronger roots in the 
region, and starting the Peranakan tradition that is still very 
much alive today.51 [Fig. 14] 
 

50 Chris Dixon, South East Asia in the World-Economy (Cambridge, MA: Cambridge 
University Press, 1991). 

51 Chee-Beng Tan, Chinese Peranakan Heritage in Malaysia and Singapore (Pakistan: 
Oxford University Press, 1993). 
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Figure 14. The data, information, knowledge, wisdom (DIKW) hierarchy of human under-
standing. 

 
In the example given above, we see that it is not too diffi-

cult to get from data to information, by discovering the relations 
between different pieces of data. However, to go from infor-
mation to knowledge, we need to gather many different pieces of 
information, and figure out what sequences they can be ar-
ranged in relation to each other to produce actionable and useful 
outcomes. Finally, after we have gained the knowledge and the 
ability to act, we must learn to see all this knowledge in a holis-
tic context, and acquire wisdom, to decide when to act and when 
not to. Unfortunately, besides living through all the good deci-
sions and all the bad ones, and learning wisdom the hard way, 
the other seems to be to learn to be a sage, by reflecting on “life, 
the universe, and everything.” For the lower levels of the hierar-
chy, however, we have fields of scholarly research like data min-
ing, information retrieval, knowledge discovery, and knowledge 
management to build upon. 

For world historians wanting to see the bigger picture, the 
key lies in old maps. Unlike modern maps, old maps are not nav-
igational aids. Modern maps, especially digital ones like Google 
Maps and Bing Maps strive to be complete. Every street, every 
building, every train station, every bridge, every town, every city, Downloaded from Brill.com05/19/2023 07:03:34PM
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every district, every province, and every country can be found on 
the map, along with every hill, every mountain, every river, every 
lake, every sea, and every ocean. But if they put everything on 
the map, it would become far too cluttered. Therefore, these ge-
ographical data are organized into layers, and the user can 
choose to turn these on if he/she wishes to see the data on a lay-
er, or off if he/she is not interested in the data on a layer. Indeed, 
with the help of apps, we do use these modern maps as a naviga-
tional tool. Other modern map makers, like ESRI 
(http://www.esri.com) who produce the state-of-the-art ArcGIS 
series of products, realizes how challenging it can be to show all 
raw data and processed information, and so chose to market a 
large number of products, each containing a small number of da-
ta layers. Most of these sophisticated maps are not knowledge 
aggregators, but the product closest to being one would be Story 
Maps, developed to help users tell stories with the aid of map-
based visualization. Other map-based tools for story telling in-
clude KnightLab’s StoryMap JS 
(https://storymap.knightlab.com), and Map Story 
(http://mapstory.org), which is like a map-based version of Wik-
ipedia. 

Old maps are drawn on a single piece of parchment. They 
have no layers, and therefore cannot hope to show every piece of 
data that is known. Certainly, we cannot leave it to users to de-
cide what they wish to see, because there is nothing on an old 
map that users can turn on or off. Therefore, the mapmaker 
must decide for the users what to show, and what to omit. This 
selection process must be guided by some principles, else the 
map produced will be useless. Since old maps are incomplete, 
they are certainly not for navigational purposes. What then 
could old maps be for? Using Fra Mauro’s mappa mundi as a case 
study, Cattaneo is explaining in another paper for this special is-
sue that old maps are knowledge aggregators. In the knowledge 
engineering literature, a knowledge aggregator is a device that 
combines information from multiple sources, and to present 
them in a way that is more useful. A modern knowledge aggrega-
tor is Wikipedia, which draws on multiple sources, but also does 
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so collaboratively, involving multiple authors to produce an en-
try. 

Why would people in the past need a knowledge aggregator? 
In the historical period (1205 CE-1533 CE) of interest, people en-
countered a deluge of new data, because the political and trade 
networks that were becoming interconnected on an interconti-
nental scale, and this changed the nature of events from causes 
and effects being confined to the local region, to causes and ef-
fects becoming very far apart, and mediated by chains of causal 
events. Suddenly, the talk of the town was no longer events that 
happened in town, but things that happened in China, or India, 
or kingdoms like Ayutthaya that nobody knew existed. It is pos-
sible to write books to summarize all the new things people 
learned during this period, and indeed some had. However, in-
formation remained highly fragmented, spreaded out over many 
books, letters, and in the memories of men who could not or do 
not wish to write them down. For intellectuals and the ruling 
elite, there were thus a great desire to know more about the 
world they had not known before, that fueled the creation of Fra 
Mauro’s mappa mundi, and other maps like it. 

By drawing upon multiple older and contemporary sources, 
including oral sources from sailors and merchants returning 
from distant seas, Fra Mauro (1400 CE–1464 CE) created a vision 
of the world, where the familiar places had been mostly omitted, 
and the rest used as cognitive anchors to think about the less 
familiar places, and the totally unfamiliar places in relation to 
these. Besides place names, Fra Mauro’s mappa mundi also con-
tained cartouches, which he used to describe interesting facts 
about the people, culture, and commerce of lands far away. Fi-
nally, the world map also contained semi-factual illustrations on 
non-European sailing vessels that ply distant bodies of water, as 
well as fictional illustrations of monsters capable of destroying 
sailing ships of that age, to warn of the perils of journeying to 
places far away. This map gave its user a bird’s eye view or God’s 
eye view of the world, in particular the unfamiliar parts, in rela-
tion to the parts of the world that are familiar to the user. 
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IV. DIGITAL MAPS FOR INTERACTIVE GLOBAL HISTORIES 
 
Unlike modern maps, Fra Mauro’s mappa mundi also represent-
ed a project on the world. From the same source, some infor-
mation was included, while others were excluded. This is delib-
erate, because the creator of the map, or perhaps even the per-
son who commissioned the map, has a purpose in mind, and 
therefore only those information that are aligned with the goal 
are selected. This means that the knowledge aggregator was 
built with a bias. We realized that our Interactive Global Histo-
ries project needed a knowledge aggregator, in addition to the 
method of automatic narratives. As we have explained, the 
method of automatic narratives is a tool for summarizing histor-
ical databases, to produce hypotheses for historians to examine 
in greater detail. Even with just chronicles from Venice and 
Ming China, we expect the method of automatic narratives to 
yield many hypotheses. Historians will reject some of these, be-
cause they are impossible to ground in facts, while the rest will 
not form a coherent whole. In fact, as we have described in the 
INTRODUCTION, historians will probably be able to construct 
multiple nearly-coherent stories that are mutually incompatible. 
This is where the filtering function of a knowledge aggregator 
comes in: to keep some hypotheses, and to reject others to form 
the nearly-coherent stories. Each nearly-coherent story is natu-
rally biased, but we are neutral if we keep, and can present every 
nearly-coherent story that can be told with the database. Instead 
of a single mapmaker, we also aim to have multiple authors 
building up these stories automatically. 

To do this, we first need to find an appropriate medium. 
Although it took many years and much foresight to complete, 
Fra Mauro’s map was outdated the moment it was completed 
because it was created on old media. Once the creator declared 
it done, there can be little or no updating, and certainly, once it 
has outlived its original aims, the map cannot be easily repur-
posed. More importantly, an old map represents but a few per-
spectives on the world, reflecting the interests of its creator and 
sponsor. On the other hand, even though they do aggregate in-
formation from various sources, modern maps are not 
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knowledge aggregators, because they are not intended as 
knowledge creation tools. This is true even for online maps like 
Google Maps, Google Earth, and Bing Maps, which do not be-
come outdated, and can be constantly updated with older in-
formation stored in a timeline. However, they are not purposeful, 
because there is no filtering of information. 

In Figure 15, we show our vision of a map-based knowledge 
aggregator for historians. When a historian first accesses the 
online portal for the map-based knowledge aggregator, he or she 
sees a map with minimal geographical information. These can 
include the names of present-day countries and the names of 
seas and oceans. These information can be refined if the histori-
an zooms in to view the map at a larger scale. This is the typical 
behavior of digital maps today. The knowledge aggregator we 
would like to develop will have knowledge widgets appear when 
the historian moves the mouse over specific places. For example, 
if the mouse is moved over Ferrara, a primary knowledge widget 
appears on the right of the map. This primary knowledge widget 
can show a picture of Castle Estense, or a picture plus a short 
narrative, or just the short narrative suggested by the method of 
automatic narratives. This recommendation is done on the basis 
of the time-integrated actor-to-actor complex network, i.e. when 
the mouse is over Ferrara, we can choose to show records linked 
to Ferrara, or metadata linked to Ferrara (of which the Wikipe-
dia picture of Castle Estense is an example of). Based on the 
time-integrated actor-to-actor complex network, the knowledge 
aggregator can also suggest a list of secondary knowledge widg-
ets, for actors strongly linked to Ferrara. In Figure 15, the sec-
ondary knowledge widgets shown are Venice, Apulia, and Pope 
Clement V. [Fig. 15] 
 

Downloaded from Brill.com05/19/2023 07:03:34PM
via free access



118 | ASIAN REVIEW OF WORLD HISTORIES 4:1 (JANUARY 2016) 

 
Figure 15. (top) When a historian first accesses the online map-based knowledge aggregator, 
he or she will see a map with minimal geographical information. (bottom) When the mouse is 
moved over Ferrara, a minimized primary knowledge widget appears on the right, and a set 
of minimized secondary knowledge widgets appear on the left. All images taken from Wik-
ipedia. 
 

At this point, the historian is expected to (1) move the 
mouse to another location, or (2) click on one of the knowledge 
widgets. Suppose the historian clicks on the Ferrara knowledge 
widget, as shown in Figure 16. This primary knowledge widget 
expands to full size, floating on top of the map, providing addi-
tional information on Ferrara. This additional information in-
cludes a larger-scale map shown the location of Ferrara within 
Italy, and also textual information, pulled from Wikipedia or the 
EHM database. Links to various EHM records related to Ferrara 

Downloaded from Brill.com05/19/2023 07:03:34PM
via free access



CHEONG, NANETTI, FHILIPPOV: “DIGITAL MAPS AND AUTOMATIC NARRATIVES” | 119 

(not shown) can also be found here, so that the historian can 
easily examine all records on Ferrara. If the historian clicks on 
any of these, the content of the record replaces the current con-
tent shown in the primary knowledge widget. The primary 
knowledge widget minimizes when the historian clicks on the 
‘close’ button at the top right hand corner of the widget. [Fig. 16] 
 

 
Figure 16. The primary knowledge on Ferrara maximizes when clicked, showing additional 
information on Ferrara. 
 

On the other hand, if the historian clicks on a secondary 
knowledge widget instead of the primary knowledge widget, the 
secondary knowledge widget opens up where the primary 
knowledge widget would, and the minimized primary 
knowledge widget goes to the top of the list of secondary 
knowledge widgets, as shown in Figure 17. In this figure, the his-
torian clicks on the secondary knowledge widget associated with 
Pope Clement V, which then opens up in the primary knowledge 
widget area, showing additional information on the Pope. As 
with the maximized primary knowledge widget, the Pope Clem-
ent V knowledge widget will also contain links to other EHM 
records related to the Pope. The Ferrara knowledge widget, 
which used to be the primary knowledge widget, is now relegat-
ed to the top of the list of secondary knowledge widgets. When 
the historian now clicks the ‘close’ button, the Pope Clement 
knowledge widget remains in the primary knowledge widget ar-
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ea, because this represents the primary interest of the historian 
for this session. [Fig. 17] 
 

 
Figure 17. The user clicked on a secondary knowledge widget, which maximizes in place of 
the primary knowledge widget. The primary knowledge widget also becomes the top in the 
list of secondary knowledge widgets. 

 
From this point on, the map-based knowledge aggregator 

can continue to be informed by the time-integrated actor-to-
actor complex network, but after sufficiently many historians 
have used the knowledge aggregator, we can also do something 
different. Because the sequences of clicks can be recorded, and 
then compared against each other, while historians are studying 
the EHM records, we can also study the historians. Specifically, 
historians navigate from one widget to the next because they are 
guided by existing tacit knowledge. This tacit knowledge can be 
acquired when a historian trained under a particular mentor, 
read a list of historical texts in a particular order, or grew up in a 
particular culture. Knowledge like this is difficult to write down, 
and scholars may resist writing down cultural biases, or are 
simply unaware of them. These academic and cultural biases 
eventually lead to different nearly-coherent stories extracted 
from the same historical database, and these set of nearly-
coherent stories can be revealed by the click sequences recorded. 
Naturally, we may be concerned about privacy issues that might 
arise in the collection of such metadata. It turns out that for the 
metadata to be useful, we do not need to collect any more data 
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on the user than what Google and some e-commerce websites 
are doing. We need only the IP address of the user, which does 
not reveal the identity of the user, where the mouse is on the 
map interface, and which widgets the user clicks. A repeated us-
er to our map-based knowledge aggregator cannot be associated 
with his or her previous visits (nor do we need to identify re-
peated users), because the IP address would have changed in 
general. We can prepare a click-through agreement when a new 
user enters the site, to warn them of this non-identifying 
metadata collection. In case we encounter strong objections, we 
will collect metadata only from users who have created an ac-
count and are logged in (in which case we can identify individual 
users and their usage histories). No metadata will be collected 
from anonymous users who are not logged in. Of course, to be 
fair this user-metadata-enhanced feature of our map-based 
knowledge aggregator will be made available to registered users. 
All users will continue to enjoy the automatic-narratives-driven 
knowledge filtering. [Fig. 18] 
 

 
Figure 18. Examples of click sequences recorded by the map-based knowledge aggregator. 
Sequence (a) reveals a story centered on Pope Clement, moving his papalcy from Rome to 
Avignon, disbanding the Knights Templars, to forming an alliance with France against the 
Ottomans. Sequence (b) reveals a story centered on Venice, on how its exploits in Ferrara and 
Apulia raised the ire of Pope Clement, who then ordered an interdict on Venice, and excom-
munication Venetians from the Church. Finally, sequence (c) reveals a story of the Ottoman 
Empire, surviving its wars with Giagatai and Tartaria in the late 1300s and early 1400s, be-
fore forming an alliance with France against Hungary in the 1500s. 

 
For example, in Figure 18 we show three common click se-

quences that can hypothetically be recorded by the map-based 
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knowledge aggregator. In sequence (a), the clicks went from 
Pope Clement V to Avignon to Knights Templar to France to Ot-
toman. This is likely to be created by historians interested in the 
life and times of Pope Clement V, why he moved his papacy from 
Rome to Avignon, why he suppressed the Knights Templar, and 
what prompted him to seek an alliance with France to counter 
the rise of the Ottoman Empire. In contrast, sequence (b) focus-
es on the conflict between Venice and Pope Clement V. Finally, 
sequence (c) tells a story from the perspective of the Ottoman 
Empire, through its wars against Giagatai, and then against Tar-
taria in the late 1300s and early 1400s, before forming an alliance 
with France against the kingdom of Hungary in the 1500s. Our 
belief is that, the more coherent a storyline is, the more click se-
quences it will attract from historians, so that over time, the 
most coherent stories will emerge within the database. [Fig. 19] 
 
 

 
 

Figure 19. After user click sequences have been collected as metadata and analyzed, the be-
havior of the map-based knowledge aggregator can be modified. Starting from the list of pri-
mary and secondary knowledge widgets associated with Ferrara, if the user now clicks on 
Pope Clement V, not only will the Pope Clement V knowledge widget open up in the primary 
knowledge widget area, Ferrara will no longer go to the top of list of secondary knowledge 
widgets, but to the bottom of the list. Avignon and Knights Templar, being the most popular 
items in the user click sequences, are now at the top of the list of secondary knowledge widg-
ets. 

 
Since the click sequences are derived from the interactions 

between historians and the EHM data, we store them in the da-Downloaded from Brill.com05/19/2023 07:03:34PM
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tabase as metadata. The most common click sequences define 
coherent or nearly-coherent stories, and are produced by histo-
rians through tacit knowledge not captured by the EHM data-
base at first. However, as we collect more and more click se-
quences as metadata, we can eventually incorporate these into 
the map-based knowledge aggregator, as shown in Figure 19. In 
this figure, we show how the knowledge widgets presented to 
the user by the map-based aggregator changes from those sug-
gested by the time-integrated actor-to-actor complex network to 
those suggested by the common click sequences, after the user 
click on Pope Clement V. Instead of following items based on 
their network proximities to Ferrara, the initial primary 
knowledge widget, the sequence of items presented to the user 
will instead follow the common click sequence starting from 
Pope Clement V. 

Ultimately, common click sequences that do not follow 
links on the time-integrated actor-to-actor complex network 
imply important gaps in the database, and historians should try 
to discover new sources that would fill these gaps when they are 
incorporated into the EHM database. Also, it is possible that 
some of the more common click sequences represent historical 
fictions invented in the past, but have been so compelling that 
they have attracted adherents who continue to propagate them. 
Naturally, in such cases, sources verifying the storylines do not 
exist, and these gaps cannot be filled. To accelerate the verifica-
tion process, we can weigh the automatic narratives (verified) 
and common click sequences (unverified) so that items from 
both streams will be presented to users, and not end up having 
users locked in to the unverified narratives implied by the com-
mon click sequences. 
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