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Abstract 

 
In recent years, a new approach to the analysis of ancient texts and narratives has been 

developed. The method draws on network science, the study of systems with interacting 

elements that can be represented mathematically by graphs. Network science itself is 

associated with statistical physics, a branch of physics which employs probability theory and 

statistics to capture properties of large collections of interacting entities. Many ancient 

narratives – from the sagas of Icelanders, through epics such as the Iliad and Beowulf, to the 

stories contained in medieval Irish manuscripts – record multiple interactions between 

sometimes vast numbers of characters and social network analysis is an excellent tool to 

quantify their collective properties. By capturing the interconnectedness of their underlying 

social structures, such narratives can be compared to each other and to other genres of 

literature, past and present, as well as to modern-day social networks. Here we review the 

main ideas behind this new approach to comparative mythology and the interrelationships of 

characters appearing in epic narratives. We demonstrate that, by quantitatively comparing 

structural properties of ancient narratives, this new approach to the humanities can deliver 

new comparisons, observations and insights. 
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INTRODUCTION 
 

In recent times, complex networks have emerged as a popular field of study with very broad 

applicability. In 2012, it was applied for the first time to a comparative study of three 

mythological epics: the Greek Iliad, the Anglo-Saxon Beowulf, and the Irish Táin Bó 

Cuailnge (Mac Carron and Kenna 2012). That first paper generated an enormous amount of 

interest both within academia and amongst the public at large, not least because of its 

uncommonly high interdisciplinary nature. Since then, a number of other epic narratives from 

the ancient past have been analysed using network science, including the Icelandic sagas 

(Íslendinga Sögur) in another paper which captured the imaginations of academics and the 

public alike (Mac Carron and Kenna 2013). Here we summarise some of these investigations 

and their results to illustrate of the potential power of applying maths to myths. 

 

We begin by contextualising network sciences and graph theory in general – where it came 

from, its long history within mathematics, computer science and separately in sociology. We 

explain why it burst onto the scene in the 1990’s as an exciting interdisciplinary field which 

gave potential for multiple collaborations across very different disciplines. We then move on 

to review elements of the very recent applications of network science to ancient narratives 

and show that it is an ideal approach to compare and contrast within and between genres. We 

look specifically at the Iliad, Beowulf, the Táin Bó Cuailnge and Njáls saga, the latter being 

the one of the most extensive of the Íslendinga sögur. The main questions we wish to address 

are as follows: (i) which network features are common to the societies described in the four 

stories? (ii) what properties differ between the societies and thus allow us to quantitatively 

distinguish one from another? Answers to the first question may help us identify features 

which are universal to all tales or at least to tales within a given genre. The second question 

may open up new ways to compare between genres and narratives. By comparing to 

documented properties of real social networks, these may also help us to decide whether the 

society described in one narrative is more realistic that that of another. This, in turn, 

combined with information from other disciplines, may help inform as to the potential 

historicity underlying some aspects of the ancient texts.  

 

Mythologies form foundation stones for a multitude of human cultures and are amongst the 

brightest gems of our shared cultural inheritance. They have persisted from before recorded 

history and still fascinate us in the present day. As we attempt to build a system to facilitate 

quantitative intercultural comparisons, we position narratives of various genres, cultures and 

epochs in a multidimensional metric space. Thus far, only a very small number of the world’s 

ancient narratives have been mapped out in the form of networks and this can be considered 

to be the start of a programme of work. It is desirable that, in the long term, much of the 

world’s complex literature be charted and analysed using complex networks. This will 

provide a new, quantitative way to compare and contrast bygone and current cultures through 

distances between them in the space of their mythologies.  

 

 

NETWORK SCIENCE: A NEW TOOL IN COMPARATIVE MYTHOLOGY 

 

While complex networks have become very popular in recent years, the subject actually has a 

long history in mathematics. Graph theory can be traced back to a problem tackled by 

Leonhard Euler in 1736. The question he addressed was whether one could find a path 
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through the city of Königsberg (now Kaliningrad, in Russian exclave between Poland and 

Lithuania) which traversed each of its seven bridges once only. In this problem the land 

masses are considered to be nodes or vertices of a network and the bridges are links or edges 

between them. Euler proved that the sought-after path does not exist and his study laid the 

foundations for graph theory. Another early example of graph theory, still commonly taught 

in computer science, is the problem of the knight’s tour. This involves a sequence of moves 

by a knight on a chessboard wherein a square can only be visited once. The earliest example 

of graph theory applied to sociology is usually attributed to Jacob Moreno (Moreno 1934), 

who produced graphical representations of social links between individuals called 

sociograms. These are now more commonly referred to as social networks. Early graphs and 

sociograms were usually small enough to perform exact mathematical calculations or to 

represent visually on paper.  They typically had only a few vertices – at most a few dozen. 

E.g., one can use sociograms to ask what happens to the overall connectivity of a network if a 

certain individual is removed, in an attempt to determine which individuals in a network have 

the most influence. 

 

In recent years, vast online resources such as an internet movie database, electronic journals, 

as well as online social networks, allow us to gather data on a much larger scale than before. 

For enormous, highly connected networks, one is less interested in the effect of removing a 

single vertex – for such a move is likely to deliver only insignificant change. Instead, one 

now has to consider statistical questions such as the likely effects of removing a certain 

percentage of nodes (Newman, 2006). The change in focus to large scale networks was 

accompanied by the development of methods to analyse their structures. Complex network 

theory has since been extended and applied to the study of a large range of areas, such as the 

internet (Cheswick and Burch 1999), epidemiology (Moore and Newman 2000), polymers 

(Scala et al. 2001), computer science (Myers 2003), food-webs (Dunne 2004), astrophysics 

(Paczuski and Hughes 2004), economics (Schweitzer et al. 2009), power grids (Buldyrev et 

al. 2010), transport networks (von Ferber et al. 2012),  linguistics (Holovatch and Palchykov 

2007 and this volume) and more (Albert and Barabási 2002). Thus the application of network 

science to humanities was a natural next step.  

 

Many of the tools used in the study of complex networks are inspired by statistical physics. A 

key concept in that discipline is the notion of universality of critical phenomena. This is the 

idea that, despite their differences at a microscopic level, the macroscopic properties of 

systems undergoing phase transitions (so-called critical systems) depend only upon a few 

parameters such as symmetries and dimensions. Critical systems can therefore be categorised 

according to which universality class they belong to and these, in turn, are classified by a 

small set of numbers called critical exponents. There is a similar, albeit qualitative, concept in 

comparative mythology. In 1949, Joseph Campbell described the concept of the monomyth as 

a “template” supposedly common to a broad range of mythological tales. Critics have since 

argued that the monomyth is too broad a concept to be of practical use. Nonetheless, the 

similarity to the notion of universality in the statistical physics of critical phenomena inspired 

an attempt to quantitatively categorise epic narratives according to their network properties. 

These can also be encapsulated in a small set of numbers which aids comparison between 

them. 

 

In a first application to comparative mythology, the networks underlying three iconic 

mythological narratives were analysed with a view to identifying common and distinguishing 

quantitative features (Mac Carron and Kenna 2012). Of the three narratives, the Iliad, a 

Greek classic, and Beowulf, an Anglo-Saxon text, are mostly believed by antiquarians to be 



4 
 

partly historically based while the third, the Irish epic Táin Bó Cuailnge, is often considered 

to be fictional. The original network analysis involved an attempt to discriminate real from 

imaginary elements of social networks and place mythological narratives on the spectrum 

between them. The scales of these networks are between the two extremes mentioned above – 

involving about 70 to 700 vertices. This allows both approaches to be used – a statistical one, 

on the one hand, to determine the macroscopic or global properties of the social networks 

described in the texts and a microscopic or local one to understand the influence of individual 

characters. By comparing the Táin Bó Cuailnge to the Iliad and Beowulf it was suggested that 

the apparent artificiality of the social network underlying the Irish narrative can be traced 

back to anomalous features associated with only six characters. Speculating that these might 

be amalgams of several entities or proxies, it was suggested that the plausibility of the Irish 

societal structure might be comparable to the others from a network-theoretic point of view. 

 

Since then, a number of other epic narratives from the ancient past have been analysed using 

network science, including the Íslendinga sögur (Mac Carron and Kenna 2013). The 

individual saga networks analysed, such as that of Njáls saga, have many properties of real 

social networks and comparison to the three other European tales reveals the relative 

importance of conflict in the narratives. In the Iliad, Beowulf, and the Táin Bó Cuailnge, 

conflict is an important element in that hostile links are generally formed when characters 

who were not acquainted meet on the battlefield. This is quite different for the Íslendinga 

sögur, for which many hostile links are due to blood feuds as opposed to regions at war. 

There, hostile links are often formed between characters that are already acquainted. For this 

reason, and quite unlike in the other three, there is little difference between the properties of 

the Njáls saga network and its positive sub-network. If a comparison had to be drawn, 

however, Njáls saga is most similar to the Iliad friendly network.  

 

To understand how these observations were arrived at we next outline some of the essentials 

of complex networks. We then explain how it was applied to aforementioned narratives 

before moving on to suggest how the approach may be used in the future. 

 

 

ELEMENTS OF COMPLEX-NETWORK ANALYSIS 
 

A network is a set of vertices which are connected by edges. In a social network, the vertices 

are representations of people and the edges represent interactions or acquaintanceships 

between them. Here we are interested in character networks, wherein the links are between 

characters appearing in a given text. A number of statistical tools have been introduced to 

describe and quantify various properties of networks. Here we briefly describe these tools 

with minimum mathematics. The reader interested in the mathematical details is referred to 

the literature such as Newman (2010) and Estrada (2011) and references therein. 

 

The degree of a node in a network is the number of edges it has and we represent it by the 

variable k. In a social network the degree is the number of people linked to an individual. In 

the narratives we shall deal with, the degree of a character is the number of other characters 

he or she interacts with. E.g., in the left panel of Figure 1, the degrees of nodes A, B and C 

are respectively 3, 4 and 2. The degree varies from vertex to vertex and the spread of 

different degrees across the vertices of a network is called the degree distribution (k). To 

represent this, we often use the complementary cumulative probability distribution function 

P(k). This is the probability that a given vertex has degree k or above. For example, in Figure 

1, 100% of nodes have degree k = 1 or more by default. For that network the proportion of 
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vertices with degrees k greater than or equal to 2, 3 and 4 are 7/8, 5/8 and 1/4, respectively. 

Representing these as P(k), and plotting versus k, results in the degree distribution pictured on 

the right of Figure 1. 

 

Complex networks tend to have right-skewed degree distributions (Newman 2010). These 

heavy tails are frequently due to a small number of vertices having very large degrees. Such 

hubs tend to have a disproportionate amount of connections and can strongly influence the 

properties of networks. A common behaviour, often used as a first approximation fitted to 

degree distributions of social networks, is the power law (Albert and Barabási 2002). This is 

expressed as p(k) ~ k
-γ
 where the symbol “~” means “behaves as”. Such a formula lacks a 

scale because, if we multiply k by 2, say, this simply results in multiplying p(k) by a constant 

so that p(2k) ~ k 
–γ 

again. This means that P(2k) has the same shape as P(k). Such networks 

are called scale free. The exponent γ, in these cases, is often found to be between 2 and 3, 

meaning that only few people tend to interact with a very large number of other people. A 

similar right-skewed function, known as the truncated power law p(k) ~ k
-γ 

exp(-k/κ), contains 

a power-law regime followed by a sharp cut-off where the tail decays much faster. These 

distributions are not scale free because the location of the cut-off κ sets a scale. In these 

networks the highest connected nodes are not as dominant as in the pure power-law.  

 

In Figure 1, the path length between nodes A and F is 3 because the shortest chain (A  B  

C  F) has three edges. There is a well-known notion in sociology called six degrees of 

separation. (Here the word “degree” has a different meaning to that introduced above as k.) 

This is related to the idea that, despite the world’s population of over seven billion, everyone 

is, on average, only about six steps away from any other person in the sense that a chain of 

six acquaintanceships or fewer can connect any two people. In this case the number six is an 

example of the mathematical notion of average path length. The average path length is a 

measure of the connectivity of the network and we denote it by ℓ. It tends to be very short in 

social networks (as the number 6 is small compared to the world’s population).  

 

Another measure of connectivity is the clustering coefficient, which gives an indication of 

how cliqued a network is. If a node is connected to other nodes, then the clustering 

coefficient gives the probability that these neighbours are also connected to each other. To 

calculate it for node E of Figure 1, for example, one observes that of the three potential links 

between E’s neighbours, namely between B, G and H, only one is realised, namely the link 

between G and H. The clustering coefficient of node E is therefore deemed to be 1/3. The 

clustering coefficient for vertex E is a local concept – it pertains to E and its locality only. If 

we average local clustering coefficients over the entire system we obtain the clustering 

coefficient for the entire network, denoted by C. In social networks one’s acquaintances tend 

to know each other, so clustering coefficients tend to be high compared, for example, to a 

random network. In a client-server network, on the other hand, where each computer is 

connected to a central sever, there is no clustering as the computers are not directly connected 

to each other.  

 

There is an alternative measure of clustering, sometimes known as the transitivity, commonly 

used in the sociology literature (Wasserman and Faust 1994). This is a global as opposed to 

local quantity. Denote by NΔ the total number of triangles in the network and Nt the number 

of connected triplets (i.e. paths of length 2), then CT = 3NΔ/Nt. The transitivity of a network 

can be estimated from the degree distribution, we refer to this naïve estimate as Cn. It turns 

out that, while this estimate works reasonably well for some non-social networks, the 
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clustering into communities (see below) means that it typically fails for social networks, for 

which CT>Cn (Newman and Park 2003). 

 

A common feature of complex networks is that most vertices can reach other vertices in just a 

number of steps which is small relative to the size of the network (Estrada 2011). This is 

known as the small-world effect (Milgram 1967) and an example of it is the notion of six 

degrees of freedom discussed earlier. A network is small world if it meets the following two 

criteria: 

 The average path length is similar to the average path length of a random graph of the 

same size and average degree ℓ ≈ ℓrand, 

 The clustering coefficient is much larger than the clustering coefficient of a random 

graph of the same size and average degree C ≫Crand. 

Social networks are usually small world (Amaral et al. 2000). This property is often used in 

epidemiology, for example, to model disease transmission in society (Kuperman and 

Abramson 2001). 

 

An edge in a graph can be assigned a positive or negative sign. In a social or character 

network, these can be used to distinguish between friendly and hostile interactions, with 

friendly edges denoted as positive, for example, and hostile edges negative. In the overall 

network, closed triads with just one hostile edge tend to be disfavoured in real social 

networks as a single hostile link prompts the opposite node in a triangle to take sides. The 

propensity to disfavour odd numbers of hostile links in a closed triad is known as structural 

balance (Heider 1946; Cartwright and Harary 1956). This is related to the notion of “the 

enemy of my enemy is my friend.” Structural balance is normally encountered as a dynamical 

property. For example, it has been observed in the shifting alliances of nations in the lead-up 

to war (Antal et al. 2006). However, it has also been analysed statically by measuring the 

abundance of triangles with an odd number of positive edges (see also Chapter 7 of this 

volume). 

 

In some social networks, people tend to associate with other people who are similar to 

themselves (e.g. in terms of ethnicity, religious beliefs, etc.). This tendency is known as 

homophily in sociology. A network in which nodes tend to associate with nodes of a similar 

degree is termed assortative (Newman 2002). Networks that have the opposite property are 

called disassortative. Examples of assortative and disassortative networks are displayed in 

Figure 2. It turns out that assortativity is an important property which helps to distinguish 

social networks from other networks because the former are usually assortatively mixed by 

degree, whereas non-social networks tend to be disassortative (Newman and Park 2003). In 

fact, for our analysis, assortativity will play a key role. To investigate the assortativity 

properties of a network, one simply compares the degree of a node to the degrees of its 

neighbours. Technically, this is done by measuring the Pearson correlation coefficient rk for 

the degrees of pairs of nodes connected by an edge.  

 

To test the robustness of a network, vertices can be removed and the size of the giant 

component measured. This is the largest subset of the network which is connected in the 

sense that each node can be reached from another traversing network edges. If the giant 

component fragments quickly then the network is not robust (Albert et al. 2000). The process 

of removing vertices from the network can be performed in a targeted or random manner. 

Targeted removal of vertices involves eliminating nodes with the highest degrees, for 

example. Networks that have power-law degree distributions tend to be robust to random 

removal of vertices but fragile to their targeted removal (Albert et al. 2000). In the context of 
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the social networks presented in this work, a lack of robustness indicates the network is 

overly reliant on a few characters. Naïvely, we would expect a social network to be robust 

due to a lack of disassortativity. For narratives however, this may not be the case as they are 

often centred on a single protagonist or perhaps a few main characters tie various 

communities together. Testing the robustness therefore provides information as to whether 

the tale is hero-centred or society-centred; if the network is held together by only one or two 

characters connecting with most other nodes, their removal will fragment the network. This 

will not happen in society-centred stories. 
 

In a network, it is often useful to identify influential or central nodes or edges. One measure 

of influence is the betweenness centrality. This is the total number of geodesics (shortest 

paths) that pass through a given node or edge (Freeman 1977). An edge with a high 

betweenness centrality has a high probability to be on a shortest path between two other 

vertices. Therefore it controls the flow of information between various regions of the 

network. A clique is subgraph of 3 or more vertices wherein each vertex is linked to every 

other vertex in the clique. Social networks can have large cliques but the larger the clique 

size, the fewer of them there tends to be. The requirement that each member of a clique be 

connected to all others is quite extreme. A community is a looser sub-collection of connected 

vertices with dense connections amongst each other and sparser connections beyond that 

cluster (Newman and Girvan 2004). One possible way to identify communities within a graph 

is through the Girvan-Newman algorithm (2002). This algorithm removes edges with the 

highest betweenness as these tend to be maximal when they connect different communities. 

After each removal, the edge betweenness is recalculated. This process breaks the network 

down into smaller sub-components as it progresses. Note that community structure is not 

exclusive to social networks; for example biological, technological and economic networks 

also exhibit community structure (Fortunato 2010).  

 

Many social networks have already been studied and examples include networks of company 

directors (Davis et al. 2003), jazz musicians (Gleiser and Danon 2003), movie actors (Amaral 

et al. 2000), users of online-forums (Kujawski and Abell 2011), and scientific co-authors who 

have collaborated together on academic papers (Newman 2001). Newman and Park (2003) 

have demonstrated that social networks are different to other types of complex networks. 

Thus the general properties of real social networks are well established and well documented 

and the following properties are typical indicators of them: 

 

 Structural balance 

 Community structure 

 Small worldness (ℓ ≈ ℓrand, C≫Crand) 

 High clustering coefficient (CT>Cn) 

 Right-skewed degree distribution 

 Non-negative assortativity ( rk ≳ 0). 

 

Non-social networks may exhibit some of these properties but the combination of all seems 

indicative of social networks in many empirical studies carried out so far. These are therefore 

the main properties we wish to investigate as we see to map out the characteristics of 

mythological networks.  
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FOUR EUROPEAN TALES: NJÁLS SAGA, THE ILIAD, BEOWULF, AND THE TÁIN 

BÓ CUAILNGE 

 

In this section, we report on the network structures of four iconic European tales: the 

Icelandic Njáls saga, the Greek Iliad, the Anglo-Saxon Beowulf, and the Irish Táin Bó 

Cuailnge. We chose these because their statuses in comparative mythology are similar to 

those of Ising or Potts models in statistical physics; they have been widely studied and 

represent fertile research areas which continue to be investigated.  

 

Njáls saga is one of the Íslendinga sögur, or Sagas of Icelanders. These are texts describing 

events purported to have occurred in Iceland in the period following its settlement in late 9th 

to the early 11th centuries. It is generally believed that the texts were written in the 13th and 

14th centuries by authors of unknown or uncertain identities but they may have oral 

prehistory (O’Donoghue 2004). The texts focus on family histories and genealogies and 

reflect struggles and conflicts amongst the early settlers of Iceland and their descendants. The 

sagas describe many events in clear and plausible detail. Njáls saga in particular is widely 

regarded as the greatest piece of prose literature of Iceland in the Middle Ages and more 

vellum manuscripts containing it have survived compared to any other saga (Mahnusson and 

Pálsson 1960). It also contains the largest saga-society network. The epic deals with blood 

feuds, recounting how minor slights in the society could escalate into major incidents and 

bloodshed. The events described are purported to take place between 960 and 1020 AD and, 

while many archaeologists believe the major occurrences described in the saga to be 

historically based, there are clear elements of artistic embellishment. 

 

The Iliad is an epic poem attributed to Homer and is dated to the 8
th

 century BC. It is set 

during the final year of the war between the Trojans and a coalition of besieging Greek 

forces. It relates a quarrel between Agamemnon, king of Mycenae and leader of the Greeks, 

and Achilles, their greatest hero. Also much debated throughout the years (Wood 1998), 

some historians and archaeologists maintained that the Iliad is entirely fictional (Finley, 

1954), while recent evidence suggests that the story may be based on a historical conflict 

around the 12
th

 century BC interwoven with elements of fiction (Kraft et al. 2003; Korfmann 

2004; Papamarinopoulos et al. 2012). 

 

Beowulf is an Old English heroic epic, set in Scandinavia. A single codex survives which has 

been estimated to date from between the 8
th

 and 11
th

 centuries. The story relates the coming 

of Beowulf
1
, a Gaetish hero, to the assistance of Hrothgar, king of the Danes. After slaying 

two monsters, Beowulf returns to Sweden to become king of the Geats (a tribe inhabiting 

what is now Götaland in Sweden) and, following another fabulous encounter many years 

later, he is fatally wounded. Although the poem is embellished by obvious fictional elements, 

such as monsters and a dragon, archaeological excavations in Denmark and Sweden offer 

support for the historicity associated with some of the human characters (Anderson 1999). 

Nonetheless, the character Beowulf himself is mostly believed not to have existed in reality 

(Klaeber 1950; Chambers 1959).  

 

The Táin Bó Cuailnge (Cattle Raid of Cooley) is the most famous epic of Irish mythology 

and describes the invasion of Ulster (in the north of Ireland) by the armies of Queen Medb of 

Connacht (in the west) and the defence by Cúchulainn. Related to the Táin itself are a number 

                                                           
1
 We distinguish Beowulf the narrative from Beowulf the character by writing the former in italics. 
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of pre-tales and tangential tales (remscéla) which give the backgrounds and exploits of the 

main characters. The Táin Bó Cuailnge has come down to us in three recensions. The first has 

been reconstructed from partial texts contained in Lebor na hUidre (the Book of the Dun 

Cow, dating from the 11
th

 or 12
th

 century and compiled at the monastery at Clonmacnoise) 

and Lebor Buide Lecáin (the Yellow Book of Lecan, a 14th century manuscript) and other 

sources. The second, later recension is found in Lebor Laignech (the Book of Leinster, a 12
th

 

century manuscript formerly known as the Lebor na Nuachongbála or Book of 

Nuachongbáil, after a monastic site at Oughaval in County Laois). A third recension comes 

from fragments of later manuscripts and is incomplete. Two popular English translations of 

the Táin (Kinsella 1969; Carson 2007) are mainly based on the first recension, although they 

each include some passages from the second. We base our analysis on Kinsella’s version 

which therefore, for the purposes of this analysis, serves as a proxy for what is commonly 

understood as the Táin Bó Cuailnge. We sometimes refer to it as the Táin, for short. 

 

 

ANALYSES OF MYTHOLOGICAL NETWORKS 
 

The data for the networks were harvested by carefully reading each of the narratives and 

entering characters’ names into databases, meticulously listing the characters they interact 

with. We defined links as positive (“friendly”) when two characters know each other, are 

related, speak to one another, or appear in a small congregation together. Links were deemed 

negative (“hostile”) if two characters meet in combat. We also assigned a “weight” to the 

links between characters, based on how often they encounter each other in the narratives.  

 

The full networks for the four narratives are depicted in Figures 3 (Njáls saga), 4 (Iliad), 5 

(Beowulf), and 6 (Táin). In each case, positive edges are depicted in grey and negative ones in 

red. The properties of the full networks and of the positive sub-networks are listed in Table 1 

where N denotes the number of nodes (characters); <k> is the mean degree, γ is the power 

that best fits a power-law degree distribution, ℓ is the mean path length, C is the clustering 

coefficient, CT and Cn are the transitivity and its naïve estimate respectively, Gc is the 

proportion of sites in the giant component, rk is the degree assortativity and Δ is the 

percentage of triangles that have an odd number of negative edges. 

 

We observe is that there is little difference between some of the measured properties of the 

full networks and their positive subgraphs. In particular, the mean degree <k>, the power γ, 

the mean path length ℓ, the maximum path length ℓmax, the clustering C, differ by less than 

10% between the full and positive networks. This may be interpreted as indicating that, even 

though conflict is an essential element of each narrative, they are stories about human 

relations, driven primarily by positive interactions. We also observe that each network is 

small world with ℓ ≈ ℓrand and C ≫Crand. (Njáls saga is the least small world with ℓ about a 

third larger than ℓrand. The network, however, has an unusually long diameter of ℓmax = 24 

which affects the average path length. This is likely due to the extensive genealogies present 

within the text.) The full networks are structurally balanced with a minority of triangles 

containing an odd number of negative edges. They also have community structures to varying 

degrees; the society depicted in Njáls saga, for example, appears more homogeneous to those 

of the other tales. 

 

The commonality of these features across the various networks suggests they are good 

candidates for be universal properties of mythological networks. We are also interested in 

distinguishing features and we discuss these for each narrative individually. The mean degree 
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<k> is strongly dependent in the size of the network (in fact it is 2L/N where L is the number 

of edges), so it is not a good comparability measure. Instead we focus on the size and 

robustness of the giant component, the community structure and the assortativity. 

 

Njáls saga is the largest of the sagas of the Icelanders with N=575 nodes in total. It contains 

many more negative edges than the other Icelandic sagas with 224 of the 1612 edges purely 

hostile. The full network is shown in Figure 3 with the hostile edges represented as red lines 

and the friendly interactions in grey. It has a high clustering coefficient, given by C = 0.40, 

and its transitivity is almost 3 times its naïve prediction. Njáls saga is robust, removing 5% of 

the most connected vertices keeps the giant component at 77% of its original size. The overall 

network has rk = 0.01(2) but the positive sub-network is more assortative with rk = 0.07(3). 

(The numbers in parentheses here and throughout are error estimates obtained by the 

jackknife method.) We will shortly see that this value is similar to that of the Iliad.  

 

Apart from the lack of detectable community structure, these numbers indicate that Njáls 

saga has features of a real social network. O’Donoghue (2004) gives an extensive discussion 

of the historical reliability of the various Icelandic sagas. They describe many events in clear 

and plausible detail but it could be that the sagas are fiction framed in such a way as to appear 

realistic or historical to the modern reader. However, even if the events they portray are 

fictional, they may play out against a backdrop which includes real history. In other words, it 

is possible that the structure of medieval Icelandic society may have been preserved in saga 

form while the events may be fictional. Either way, itis “almost impossibly difficult” to 

unambiguously distinguish fact from fiction in such sagas (O’Donoghue, 2004). 

 

The largest of the four networks is that of the Iliad which has N= 694 nodes. The full network 

is depicted in Figure 4.The Iliad network is small world and has higher transitivity than 

naïvely expected. The giant component of the full network contains 99% of its nodes. Usually 

for collaboration networks, the proportion of vertices belonging to the giant component is 

under 90% (Newman 2001). Indeed, the corresponding figure for the positive Iliad 

subnetwork is 86%. This may hint that the positive subnetwork is more appropriate than the 

full network for exploring the social structure underlying the narrative. The Iliad’s positive 

subnetwork is relatively robust to the removal of nodes with the giant component being 72% 

of its original size when 5% of the most connected nodes are removed. (For the full network 

the corresponding figure is 66%.) The Girvan-Newman detects three clear communities in the 

positive sub-network of the Iliad and these are clearly visible in Figure 7. There, the red 

vertices are the Greeks, the blue ones are the Trojans and the green nodes are a clique of 34 

Nereids (sea-nymphs) who appear to comfort Achilles’ mother Thetis. Besides the Greeks, 

Trojans and Nereids, the gods form the fourth most significant community. (The remaining 

eight communities have 22 or fewer vertices.) The full Iliad network is mildly disassortative 

with rk = -0.08(2).  

 

Disassortativity is a feature which is usually characteristic of non-social networks. Indeed, 

Gleiser (2007) suggested that an analysis of degree correlations reveals the artificial nature of 

a set of fictional narratives (the so-called “Marvel Universe”). Does its negative assortativity 

indicate that the interactions depicted in the Iliad, Beowulf and the Táin are artificial? We 

have seen previously that the positive subnetwork may be more appropriate than the entire 

network for the study societal structure. It turns out that the disassortativity observed in some 

tales is, at least in part, a reflection of the conflictual nature of the stories; many characters 

are introduced which are killed off virtually immediately by one of the heroes. Such 

encounters generate links between low-degree victims and high-degree heroes and add to the 
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disassortativity (or reduce the assortativity) of the networks. This again suggests that 

assortativity as an indicator of the structure of the underlying society may apply to the 

friendly networks only. In the case of the Iliad, the negative subnetwork is strongly 

disassortative with rk = -0.45(5) but positive sub-network is assortative with rk = 0.09(2). This 

is similar to the value for Njáls saga and means that the positive subnetwork of the Iliad has 

all the features of a real social network.  

 

The similarity between the network structures of Njáls saga and the Iliad is bolstered by 

consideration of their degree distributions. They are both right skewed, well described by 

truncated power laws and fits deliver similar exponents, namely γ = 1.63(1) for Njáls saga 

and γ = 1.69(3) the Iliad. Their cumulative degree distributions are presented in Figure 8 

where this similarity is visible. 

 

The giant component of the full Beowulf network contains less than 70% of the vertices. This 

is relatively low compared to the other narratives listed in Table 1 and is because of two sub-

tales in the story dealing with events from the past. The giant component is fragile to the 

systematic removal of vertices in order of highest degree (only 32% remains after removing 

the top 5% of characters) but it is relatively robust to random removal of nodes. Again the 

transitivity exceeds the naïve expectation. The community detection algorithm finds five 

components in the friendly network (Figure 9). All of these features, together with the 

universal properties identified above, are found in other (real) social networks. In this 

context, then, it is interesting to observe that the full Beowulf network is disassortative with rk 

= -0.12(6). Again we turn to the positive subnetwork. In the case of Beowulf, however, the 

assortativity of the positive network is -0.07(7) – closer to the non-negative values expected 

for real social networks but still negative.  

 

As theoretical physicists, we are quite used to playing with models and with data. For 

example, even though the world we inhabit is four dimensional, theoretical physicists are 

quite happy to change the dimensionality of their models to explore what would happen in 

alternative circumstances. In the present case we recall that archaeological evidence offers 

some support for the historicity of many of the human characters in Beowulf the tale, but 

Beowulf the character is generally not believed to have been based on reality. We now do 

what is natural for theoretical physicists but what some humanities scholars and 

archaeologists might consider radical; we remove the eponymous protagonist from the 

network. Since Beowulf himself has a high degree and he is connected to many low-degree 

characters, this has the effect of further reducing the disassortativity in the system. We denote 

the resulting positive network by Beowulf*. Indeed, it turns out that Beowulf* has rk = 

0.01(9), indicating a structure akin to that of a real (or realistic) social network. 

 

The Táin is one of the most extensive narratives in Irish mythology. It also has a large 

proportion of hostile edges.
2
 The full network is robust when vertices are randomly removed 

but the giant component diminishes rapidly when the most connected of vertices are removed 

by degree. Exceptionally for the networks studied here, the transitivity is significantly smaller 

than the naive estimate. The community detection algorithm is applied to the positive 

network to give a better representation of the factions and the algorithm finds 6 communities. 

                                                           
2
  The number of characters alone is not very informative in the current context; we are interested in interactions 

and, for social networks, positive interactions in particular. In the Táin, for example, many characters – some 

named and some unnamed - are introduced to be immediately killed off by Cúchulainn. We keep only a 

representative amount of named characters. Thus, for the full network, the values of N in Table 1 may be 

interpreted as minimum sizes. 
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These communities are shown with different colours in Figure 10. The two largest 

communities are the two opposing sides in the conflict. The 6 most connected characters are 

named in the figure and the algorithm assigns them all to the correct factions. Fergus Mac 

Roich however changes factions within the story and spends more of the story in the 

Connacht (blue in Figure 10) faction than the Ulster (red) one. The full Táin network is 

strongly disassortative and restricting our attention to the positive network delivers a value rk 

= -0.32(5).  

 

In Table 2 we summarise some of the main outcomes of the above analysis. Njáls saga has 

many properties of real social networks. Its positive subnetwork is similar to the overall 

network. This is because hostile links in the narrative tend to be formed through blood feuds 

as opposed to open war. In the Iliad, Beowulf, and the Táin Bó Cuailnge, hostile links are 

instead formed by otherwise unacquainted characters meeting in battle. Although the full 

network of the Iliad is disassortative, its positive subnetwork is assortative. In this sense, the 

societies depicted in Njáls saga and the Iliad are quite similar (from a networks point of 

view). In contrast, both the full Beowulf and Táin networks and their positive subnetworks are 

disassortative. In the metric space of comparative mythology, these are also close to each 

other and remote from Njáls saga and the Iliad. This is the first major conclusion of the work 

presented here. Mac Carron (2014) gives more extensive comparisons amongst a greater 

number of epic narratives. 

 

It is tempting to explore these features further and the quantitative approach (coupled with 

physicists’ universal licence to tweak parameters) again allows for speculation not easily 

accessible through traditional techniques. As we have done for Beowulf, one may then ask: 

what would it take to diminish the disassortativity of the Táin also? In particular, does one 

have to alter the nodal structure of the entire network structure or, like in the case of Beowulf, 

would some local nodal changes suffice? Figure 10 holds a clue: there we overlap the degree 

distribution for the Táin network with that of Beowulf. We observe a remarkable similarity 

between the two.  

 

This structural similarity between the social networks underlying the narratives is confirmed 

quantitatively by similar exponents γ = 2.4±0.2 and γ = 2.2± 0.1, respectively. The degree 

exponents for the positive sub-networks are very similar to these values. The similarity, 

however, breaks down for the top six most connected characters in the Táin character set. 

They are offset relative to the solid Beowulf line. This means that the degrees of these 

characters are ``too large’’ relative to the characters of Beowulf, and, indeed, relative to the 

other characters in the Táin. This hints where the disassortativity of the Táin, is located.  

 

To match the Táin line with an extended version of that of Beowulf, one would have to reduce 

the degrees of the six anomalous characters in the Irish narrative. This means changing the 

storyline so that the number of direct interactions these have with other characters is reduced. 

To illustrate an example of how this might be done, we firstly define a weak link as one that 

occurs when two characters meet only once in the entire narrative. We then speculate that 

such weak links might be proxy interactions in the tale. For example, the single encounter 

between Queen Medb and one of her warriors chosen to fight Cúchulainn may rather be 

interpreted as an encounter between Medb’s proxy and that individual. Removing the weak 

links associated with the top six Táin characters reduces their respective degrees. (It is 

important to note that what we have done here is to remove weak links – not to remove the 

characters themselves.)The right panel of Figure 10gives the degree distribution for the 

adjusted Táin network, which we refer to as Táin*. Overlapping it with the degree 
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distribution of the Beowulf* network shows that the top six points are no longer offset and 

nearly all the datapoints fall on the same line. 

 

We next examined the assortativity of the Táin*. The removal of the weakest links of the six 

anomalous characters has the effect of rendering the entire network (marginally) assortative.  

The network remains small world and with CT = 0.33the transitivity is over 8 times higher 

than Cn = 0.04. Thus, removing the weakest interactions of only six characters has the effect 

of rendering the network more realistic like those of Njáls saga and the Iliad. 

 

In addition to Medb, Cúchulainn and Fergus Mac Roich, mentioned above, the six anomalous 

Táin characters identified by the above procedure are Ailill mac Mágach (husband of Medb), 

Conchobar mac Nessa (king of Ulster) and Finnchad Fer Benn (Conchobar’s son).In 

discussing a possible historical basis for the Táin, the linguist Kenneth Jackson (1964) 

demonstrated that the Ulster Cycle of Irish mythology, which includes the Táin Bó Cuailnge, 

preserves an ancient oral tradition which reflects Celtic Irish society. He famously 

demonstrated that such narratives corroborate Greek and Roman accounts of the Celts and 

offer us a “window on the Iron Age”. In particular, he believed that “the characters 

Conchobar and Cúchulainn, Ailill and Medb and the rest, and the events of the Cattle Raid of 

Cooley, are themselves entirely legendary and purely un-historical. But this does not mean 

that the traditional background, the setting, in which the Ulster cycle was built up is bogus” 

(Jackson 1964). It is interesting to observe that four of the characters named by Jackson are 

amongst the six identified as anomalous in the above networks-based approach.
3
 

 

 

CONCLUSIONS 

 

We have presented complex-networks analyses of four famous European mythological epics. 

By quantifying aspects of the societal structures which underlay these tales we are able to 

determine elements of similarity between them. For example, the networks are, to various 

degrees, small worlds and structurally balanced. Overall network properties are dominated by 

their positive subnetworks, indicating that, the stories are primarily driven by positive 

interactions between characters. Other network properties can be used to differentiate 

between the structures of the societies and, indeed, to group them into similarity classes. In 

particular,the Iliad shares many features with Njáls saga, while Beowulf and the Táin Bó 

Cuailnge are also similar to each other. This result reflects and quantifies the observation that 

Beowulf and the Táin are character-centred stories, focussing in particular on the exploits of 

protagonists Beowulf and Cúchulainn. Njáls saga and the Iliad, on the other hand, are more 

aimed at a societal level.  

 

Of all the various network quantities, the assortativity is the one which perhaps most varies 

between the networks examined. Most non-social networks tend to be disassortative while 

real-world social networks tend not to have this property. Njáls saga is the only narrative 

analysed here whose full network is assortative. For the Iliad, while the full network is 

slightly disassortative, the positive subnetwork is assortative. In the case of Beowulf and the 

Táin, the full network and the full positive subnetworks are disassortative. Coupling expert 

opinion in the humanities with a certain freedom enjoyed in theoretical physics, we explore 

the Beowulf network obtained by removing its eponymous protagonist. The resulting network 

                                                           
3
The question of historicity is an old one and long debated. For example, while Thomas O’Rahilly (1946) 

objected that such tales have no historical basis whatsoever, Myles Dillon (1948) believed that sagas give “a 

picture of pre-Christian Ireland which seems genuine.” 
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is indeed more realistic when compared to social networks. Similarly, local nodal changes in 

the Táin network achieve the same result. Four of the six manipulated nodes coincide with 

those identified by Jackson and the network that remains echoes the properties of many real 

world networks.  
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Table 1: Network statistics. Here, Beowulf means the full Beowulf network; Beowulf+ is the 

positive sub-network; and Beowulf* refers to the specially modified subnetwork explained in 

the text. Similar notation applies to the other narratives. N denotes the number of nodes; <k> 

is the mean degree; γ is the parameter that best fits truncated power-law degree distributions 

in the case of Njals saga and the Iliad networks or power-law degree distribution for Beowulf 

and the Táin; ℓ is the mean path length; C is the clustering coefficient; CT and Cn are the 

transitivity and its naïve estimate; Gc is the size of the giant component as a percentage of the 

number of N; rk is the degree assortativity; Δ is the proportion (in percent) of triangles with an 

odd number of negative edges.  
 

Network N <k> γ ℓ ℓrand ℓmax C Crand CT Cn Gc rk Δ 

 

Njál 575 5.6 1.6 5.1 3.7 24 0.40 0.01 0.26 0.09 100 0.01 10 

Njal+ 564 4.9 1.7 5.4 4.1 24 0.39 0.01 0.28 0.08 96 0.07 -- 

Iliad  694 7.7 1.7 3.5 3.4 11 0.43 0.01 0.45 0.13 99 -0.08 3 

Iliad+ 640 7.3 1.7 3.8 3.5 10 0.44 0.01 0.58 0.11 86 0.09 -- 

Beowulf 72 4.6 2.4 2.4 2.9 6 0.57 0.06 0.37 0.17 69 -0.12 13 

Beowulf+ 68 4.1 2.1 2.5 2.5 6 0.56 0.06 0.40 0.17 68 -0.07 -- 

Táin 422 6.0 2.2 2.8 3.6 8 0.73 0.01 0.10 0.62 99 -0.33 12 

Táin+ 405 5.5 2.1 3.0 3.0 8 0.74 0.01 0.10 0.53 93 -0.32 -- 

Beowulf* 

(positive) 

67 3.5 2.2 2.8 2.9 7 0.52 0.05 0.42 0.11 66 0.01 -- 

Táin* 

(positive) 

405 2.9 2.1 4.0 5.6 8 0.36 0.01 0.35 0.03 47 0.03 -- 

 

 

Table 2: Summary of some of the distinguishing properties of the positive and adjusted 

networks associated with the four epics analysed herein. High degrees of clustering are 

signalled by CT >Cn. Whether or not the network is robust to targeted removal of nodes tells 

us if the tale is society-centred or hero-centred. The positive Beowulf and Táin degree 

distributions and their adjusted counterparts are well described by pure power laws and hence 

are scale free, but Njals saga and the Iliad are better described by truncated power-laws. In 

addition to the different properties listed here, the networks are small worlds, have varying 

degrees of community structure and the full versions are structurally balanced. 
 
 

Network High 

clustering 

Robust Scale 

free 

Assortative 

Njál+  yes yes no yes 

Iliad+  yes yes no yes 

Beowulf+ yes no yes no 

Táin+ no no yes no 

Beowulf* yes no yes borderline  

Táin* yes no yes borderline 
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Figure 1: An example of a network and its degree distribution. In the left panel, the 

undirected lines linking nodes (A,B,C,…) are edges of the network. In the right panel, P(k) 

represents the cumulative degree frequency (percentage of nodes with degree k or more). 
 

 

 

 

 

 

 

 

 

 

 

 

  
 

Figure 2: The network on the left illustrates assortativity because nodes of similar 

degree tend to be linked to each other. This is quantified by a positive correlation 

coefficient rk = 0.6. The network on the right which has, rk = -0.6, has the opposite 

tendency and is disassortative. 
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Figure 3: The full network of Njáls saga. Hostile links are in red while friendly interactions 

are represented in grey. Heavier edges represent stronger ties between the characters.   
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Figure 4: The full Iliad network. Grey edges represent positive (friendly) interactions and red 

indicates negative (hostile) ones.  
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Figure 5: The full Beowulf network. Grey edges represent positive (friendly) interactions and 

red indicates negative (hostile) ones.  
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Figure 6: The full network for the Táin. Grey edges represent positive (friendly) interactions 

and red indicates negative (hostile) ones.  
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Figure 7: The Girvan-Newman algorithm detects 3 communities in the positive 

(friendly) sub-network of the Iliad. Here, the blue vertices are from the Greek faction, 

the red vertices are Trojan characters and the green nodes are Neirids. 
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Figure 8: The degree distribution for Njals saga (black stars) and the Iliad (green x’s) and 

both fitted by truncated power laws represented by the fitted lines. The distributions are 

similar with exponents γ = 1.63(1) and γ = 1.69(3), respectively. 
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Figure 9: The positive Beowulf giant component. Here the red vertices represent Geats and 

the green nodes are the Danes whom Beowulf goes to aid. The blue vertices are the Swedes 

who had been at war with the Geats and the yellow nodes are the characters who were 

involved in the incident with the dragon towards the end of the narrative. The two grey 

vertices are ancestors of Beowulf.  
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Figure 10: The Girvan-Newman algorithm applied to the friendly network of the Táin. 

Different coloured vertices represent different communities. The two largest are the Ulster 

faction (red) and the Connacht faction (blue). 
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Figure 11: Left - The full degree distributions of Beowulf and the Táin strongly 

overlap except for the six characters with the highest degree for the Táin. Right – the 

adjusted Táin* degree distribution overlaps even more strongly with that of the 

modified Beowulf*.  
 

 

 


