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Abstract

This work presents a comparative analysis of the characteristics of social networks derived from different versions and
translations of the Irish epic 7din Bo Cuailnge. The characteristics of the social networks are compared using graph-
matching techniques and comparing structural properties, as well as truncating the larger networks to match the size of
the smaller networks for further comparison. We find that the original Irish edition and the direct English translation of
the Tdin Bo Cuailnge Recension I by Cecile O’Rahilly are most similar to one another, and that the modern English ver-
sions have the furthest distance from the sources. Individually we show that each social network, regardless of the author
or network size, is disassortative and display "small-world" network characteristics. They are also shown to have largely
similar degree distributions, with Maximum Likelihood Estimate fitting showing that most networks can be fitted using
power law distributions. The results show that the more similar a version stays to the source material, the more similar

the generated social networks will be.

Keywords Social networks - Complex networks - Narrative networks - Graph matching - Celtic studies

1 Introduction

The study of narrative networks, or character networks,
has become increasingly common in recent years (Labatut
and Bost 2019). These studies involve many approaches,
for example, using natural-language processing to extract
social networks to compare texts (Janickyj 2023), assess-
ing literary theories (Elson et al. 2010), to comparing the
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structural-network properties of narratives (Mac Carron and
Kenna 2012). However, while extracting the data is a major
issue in these studies, different translations or interpreta-
tions of the data source are rarely compared to assess how
robust the network extraction is.

In this study, we compare two medieval versions of an
Irish narrative text recorded a few centuries apart, as well as
four English translations of that same epic. In each case, we
compare the social networks extracted from them to ascer-
tain if there are any substantial differences, and whether pre-
vious work is safe to rely on translations, or instead should
stick to the source where possible. To do these comparisons,
we compare standard complex network properties (simi-
lar to Refs. Massey (2019); Mac Carron (2014)) as well as
using graph matching techniques to quantify how different
their social networks are.

Graph matching is a relatively old problem, predating the
concept of complex networks by a few decades. There are
many different methods for graph matching, for example
tree searches (eg. Sanfeliu and King-Sun (1983)), spectral
methods (eg. Ipsen (2004)), and more recently methods
using mutual information (eg. Felippe et al. (2024)). For
a detailed —but now somewhat old— survey on different
approaches to graph matching algorithms, see Ref. Conte
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(2004). These methods all quantify the similarity of the
graphs with a single value. Hence, as well as using some
of these methods, we also look at some standard structural
network properties (such as the degree distributions, small
worldness, and assortativity) to further compare the net-
works herein.

Similar approaches can be found in Ref. Amalvy (2024)
where the same stories in different media are compared.
There, the characters networks of George R.R. Martin’s 4
Song of Ice and Fire, the comic series of the same name, and
the TV show Game of Thrones are compared. In that case,
textual information (such as affiliation) was required to
match characters in the different media. Traditional network
methods of comparing differences in texts often involve
using semantic networks, see for example Refs (Danowski
1993; Carley 1993; Doerfel and Barnett 1999). Kwon et
al. Kwon et al. (2009) use both semantic networks and spatial
analysis to show subtle differences in interpretation between
translations of the universal declaration of human rights. In
the narrative of interest here however, the medieval versions
are not translations of one another, but different retellings
of the same story. We are interested in whether the social
networks differ, rather than the events or language. As this
narrative fits into a larger corpus of texts with a similar cast
of characters, often referred to as The Ulster Cycle, we are
also interested in how the version we use would affect a
larger network as in Ref. MacCarron (2024).

Another related work is the comparison of the social net-
works of the four gospels (Massey 2019). There it was found
that the structural properties of the gospel according to John
is (unsurprisingly) different from the other three. That study
also relied on English translations and one particular version
of each. Recently, a similar idea to ours compared the char-
acter networks of Don Quixote, to both a “youth” version
and a children’s version (Lei et al. 2025). Like in Massey’s
aforementioned gospel comparison (Massey 2019), they
just focus on structural properties rather than also using
graph-matching techniques to quantify a difference.

Here, we are interested in comparing the social net-
works of medieval Irish narratives. These narratives are
mostly preserved in manuscripts, transcribed by monks and
scribes during the medieval and early modern period. One
of the most well-known of these stories is the epic Tdin Bo
Cuailnge (The Cattle Raid of Cooley, often abbreviated to
The Tain). Likely first compiled in the ninth century, this
story portrays Queen Medb of Connacht’s attempt to steal
the prized Brown Bull of Cooley, leading to a great war
against the men of Ulster. The hero, Cu Chulainn, single-
handedly defends Ulster through a series of battles, show-
casing his super-human strength while the men of Ulster are
under a curse which leaves them unable to defend them-
selves (Wright 2011).

@ Springer

The Tdain appears in at least ten different manuscripts —
sometimes only in fragments— which can be divided into
three different groups showcasing different recensions of the
tale. Various editions and translations of The Tain from Irish
to English have been completed, some including related sto-
ries, known as remscéla or pre-tales. This study uses a num-
ber of these translations, as well as editions of the text in
the original Irish. Cecile O’Rahilly’s editions of Recensions
I and II provide a baseline for what the original text of The
Tain looks like (O’Rahilly 2001a, b, 2000). Thomas Kin-
sella (Kinsella 1970) and Ciaran Carson’s (Carson 2007)
versions of The Tain are modern translations of the differ-
ent episodes found in Recensions I and II. Joseph Dunn’s
English translation (Dunn 1914) differs from these two, as
it fully combines readings from all recensions, including
Recension III. O’Rahilly’s translation used here is a direct
translation of Recension I based on her own edition of the
text. Carson’s translation is primarily based on O’Rahilly’s
editions of Recension I, as well as elements from Recen-
sion II; while Kinsella makes use of her edition of Recen-
sion II, but follows an older edition of Recension I, that of
John Strachan and J.G. O’Keeffe (Strachan and O’Keeffe
1912), as O’Rahilly’s one was not published yet. Kinsella
also includes a selection of pre-tales from other narratives in
that literary tradition that lead up to the events of the Tdin in
order to provide context for these events. Dunn on the other
hand is an older translation, following a different methodol-
ogy, and making use of a variety of sources, such as editions
from Ernst Windisch and Max Nettlau, as well as Strachan
and O’Keeffe mentioned above. He seems to have also con-
sulted some of the manuscripts themselves. His approach is
most notable for his complete combination of the different
versions of the story throughout the text, rather than select-
ing passages from one recension or the other. This trans-
lation showcases a method for translating medieval texts
with a much more important involvement and impact of the
translator on the text.

In order to compare them, this study investigates the
social networks generated using data from the different
translations and editions of The Tdin, focusing on quanti-
fying how similar each of the networks are using different
metrics. We begin by using graph-matching techniques as
discussed above as well as analysing the different structural
properties of these editions and translations. Kinsella’s trans-
lation of The Tain has been used in previous works (Mac
Carron and Kenna 2012). However, it has not previously
been compared with other translations or editions to deter-
mine whether it is a reasonable version to use. The findings
of this study will provide a broader understanding of how
translation influences social network structures.
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2 Methods

To gather the networks, the data were extracted manually.
Each interaction was recorded in a dataset, noting the char-
acters involved and the nature of their relationship (e.g.,
friendly, hostile). A social network was generated for each
version, where nodes represent characters and the edges rep-
resent interaction. We treat "hostile" interactions (i.e. when
two characters fight in combat) as negative and all others
as positive. We weight edges based on how many chapters
they co-occur. However, we do not use weights or sign in
this particular analysis.

Characters are frequently referenced using alternate
names and slight variations in spellings of the same name
throughout the texts. In order to account for this, the alter-
nate names were noted during data collection to avoid
duplication.

We use the following editions and translations in this anal-
ysis: the online version of O’Rahilly Recension I (abbrevi-
ated to ORI) (O’Rahilly 2001a) which is in Irish, the online
version of O’Rahilly’s English translation of this (ORI-
Eng) (O’Rahilly 2001b), the online version of O’Rahilly’s
Recension II (ORII) (O’Rahilly 2000), the combined net-
work of these (OR-comb), Kinsella’s version (Kin) (Kin-
sella 1970), Kinsella’s version without pretales (Kins-X),
Carson’s version (Cars) (Carson 2007) and Dunn’s version
(Dunn) (Dunn 1914). These abbreviations can be found in
Table 5 in the Appendix for the reader’s convenience.

2.1 Network comparison

The networks are compared in two different ways. We begin
by reporting the structural network properties to ascertain
where the social networks are similar and differ from one
another. We then use different graph-matching techniques
to quantify the difference in the overall networks. We then
return to a more traditional degree-distribution analysis as
well as analyse the centrality of some protagonists in each
version. Finally, we perform some simulations by reducing
the networks to the same size to see if they become more
similar.

For a network with N nodes and L edges, the average
degree (k) represents the average number of edges con-
nected to each node in the network. The second moment
(k*) =1/N vazl k? is related the variance of the network
((k*) — (k)?). When plotting the degree distribution of a
network with a high degree variance, it tends to skew right.
This skew can be seen in all networks presented here, as The
Tain centres around a small number of main characters who
are connected to a plethora of minor characters. Hence, we
expect a high value of <k2>

The assortativity of a network, r, is the degree-degree
correlations at the end of an edge and defines the likeli-
hood that a node connects to other nodes with similar
degrees (Newman 2002). Each edge contributes positively
to the assortativity if the degree of the nodes at either edge
are both below or above (k?)/(k) (which is the average
degree at the end of an edge) (MacCarron et al. 2023). If the
degrees of the pair of nodes at the end of an edge are differ-
ent sides of this average, then that edge contributes disassor-
tatively. A network is assortative if 7 > 0 and disassortative
if 7 < 0 (indicating the nodes tend to connect to nodes with
non-similar degrees).

The mean clustering coefficient, (C) quantifies how
much nodes cluster together in a network. This is the mean
of the local clustering coefficients (Watts and Strogatz
1998). Social networks in particular tend to have high clus-
tering coefficients (Albert and Barabasi 2002). The average
path length, ¢, of a network is the mean geodesic between
all pairs of nodes (Newman 2013).

Social networks have a tendency to display small-world
characteristics and are often assortative (Newman and Park
2003). A network being ’small-world” implies that it has a
much larger clustering coefficient compared to a random
network of the same size and has an average path length
that is approximately equal to that of a random Erd6s-Rényi
graph (Watts and Strogatz 1998). The exact form of the ran-
dom mean path length ¢,,,,4 is given in Ref. (Fronczak et al.
2004) and C',pq in Ref. Albert and Barabasi (2002).

As mentioned earlier, there are many approaches to graph
matching. Although we are working with the same narra-
tive, no two versions contain the same set of characters,
hence we are interested in inexact matching (Conte 2004).
We first compute the graph edit distance which calculates
the minimum number of changes needed to transform one
network into the other (Sanfeliu and King-Sun 1983). A
lower edit distance indicates a greater magnitude of similar-
ity, as fewer structural changes are necessary to align the
two networks. We normalise this by the maximum graph
edit distance (i.e. divide the value by the number of edges in
the complete graph or the larger graph added to the differ-
ence in the number of nodes of the two graphs). We report
the actual graph edit distance in the appendix.

We next compute the Ipsen-Mikhailov (IM) distances
for each pair of networks. IM distance is a spectral method
that computes the Lorenz distance between two networks as
a means of quantifying their differences (i.e., it compares
the networks by computing the integral of the difference of
the Lorentz function (Ipsen 2004)). This computes a value
between 0 and 1, where 0 indicates identical network struc-
tures, and 1 represents maximal dissimilarity, such as when
one network is an empty graph (ie, no edges) and the other is
a graph with N (N — 1)/2 edges. In summary, a smaller IM
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distance indicates closer structural similarity between net-
works. IM distances have been used in previous literature
to compare different types of networks (Donnat and Holmes
2018).

Finally for the graph matching, we use the recently
developed network mutual information to determine graph
similarity (Felippe et al. 2024). It should be noted that this
method requires node-aligned graphs. However, as there
is a significant overlap among these, we pad the networks
by adding the missing nodes with no edges to calculate the
mutual information. The network mutual information is 1
when the two networks are identical, hence we report one
minus the network mutual information to have a value com-
parable to the normalised graph edit distance and the IM
distance.

We then return to some standard structural network anal-
ysis. The degree distribution of a network represents the
probability for a node to have degree k. Maximum likelihood
estimation was used to identify which distribution best fits
the data from a selection of predefined distributions (Man-
nion and MacCarron 2023; Clauset et al. 2009) as a method
of comparing the different networks. Using this method
allows conclusions to be made about whether the different
networks can be fitted to similar degree distributions.

Two-sample Kolmogorov-Smirnov (KS) tests are also
used to compute a distance measure between two distri-
butions as yet another method of comparison. The null
hypothesis for the KS test is that the two datasets are drawn
from the same distribution. When a small p-value is com-
puted, this indicates that it is unlikely that they are from
the same distribution. More importantly for us here, the KS
statistic provides a distance between two distributions. This
approach complements the maximum likelihood estimation
to fit the most appropriate distribution to data.

On a node-centric level, the characters with the highest
degree and betweenness for each of the networks are com-
pared. The betweenness centrality of a node is the number
of shortest paths passing through that node (Newman 2003).
Within the context of this paper, it can be used to find a char-
acter’s influence within the rest of the network. To compare
these lists of characters, we use Jaccard coefficient to see
how similar the sets of the top ten characters are. We then
use the Spearman’s rank coefficient to determine if the order
is consistent between both.

Finally, to further compare networks of differing sizes, a
random sampling procedure was performed to observe how
structural properties change with network size. The larger
networks were down-sampled by randomly removing nodes
until their size matches that of the smaller network. This
random removal process is repeated 100 times, after which
the network properties were averaged to give an estimate of
the properties of the size-matched network. This allows for

@ Springer

a comparison to be made between the networks if they were
the same size.

3 Results

Table 1 shows the network properties found in the networks
used. During the data gathering process it was observed that
each of the editions and translations contain lengthy lists of
side characters mentioned only by name during the section of
the text which involves the mustering of the armies of Con-
nacht and Ulster. Many of these characters are mentioned
only once, some share identical names; "Ailill mac Mata
chanted these words: ‘Arise, O Traigthrén! I send you to the
three Conaires from Sliab Mis, the three Lesfinds from Lua-
chair; the three Meid Corpthe Loste, the three..." O’Rahilly
(2001b). Their presence does not contribute to the broader
social structure of the tale. For this reason, it was decided
that these lists of side characters would be omitted from the
network analyses which are shown in the bottom part of
Table 1.

These lists are much more prominent in the original
recensions (ORI and ORII) compared to the modern trans-
lations (Kin, Cars and Dunn), they also have a consider-
able effect on quantities such as the assortativity » due to the
removal of many low-degree characters who are only con-
nected to their ruler, who are far on the right of the degree
distribution.

Kinsella’s relatively large number of edges can be attrib-
uted to the inclusion of the pre-tales which focuses on
introducing peripheral characters and exploring their back-
grounds. The pre-tales introduce more interactions between
characters, increasing the number of edges in the network
compared to the other versions. When the characters from the
pre-tales are removed from Kinsella’s network, the number
of edges is more similar to that of the O’Rahilly networks.
This can be explained by the main text of Kinsella’s version
using O’Rahilly as one of his sources. With that being said,
there is a notable difference in the number of edges when
comparing Kins, Kins-X to the O’Rahilly networks. Even
without the pre-tales, Kinsella’s version has a much larger
number of edges compared to all of the individual O’Rahilly
networks. This could potentially be attributed to the writing
style of Kinsella. In an attempt to make a more cohesive
story, Kinsella may have introduced additional connections.
It could also stem from Kinsella using a different edition
than O’Rahilly’s for Recension 1. O’Rahilly, on the other
hand, is a direct edition of the original texts. When recen-
sions I and II are combined, the resulting network has char-
acteristics that are much closer to the networks of Kinsella
than when the recensions are separated. Carson’s network
on the other hand is more similar to O’Rahilly’s Recensions
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Table 1 Demonstrates the global properties of the generated social networks

Property N L <k> <k2> r <C> Crand <Z> grand il
Original

ORI-Eng 505 999 3.96 212.63 -0.51 0.45 0.01 2.73 4.61 2.22
ORI 507 1000 3.94 214.94 -0.52 0.44 0.01 2.73 4.62 223
ORII 409 1099 5.37 225.87 -0.46 0.61 0.01 2.7 3.73 222
OR-comb 654 1573 4.81 319.95 -0.5 0.53 0.01 2.7 4.26 2.17
Kins 422 1266 6.00 207.76 -0.35 0.73 0.01 2.8 3.55 2.28
Kins-X 354 1025 5.79 198.45 -0.42 0.76 0.02 2.7 3.51 2.35
Cars 441 954 433 192.44 -0.51 0.66 0.01 2.83 4.26 2.3
Dunn 537 1425 5.31 291.80 -0.43 0.61 0.01 2.64 3.92 2.19
No Lists

ORI-Eng 255 594 4.66 128.73 -0.31 0.43 0.02 2.64 3.73 2.28
ORI 257 593 4.61 131.63 -0.31 0.42 0.02 2.63 3.75 2.30
ORII 250 723 5.78 113.67 -0.29 0.49 0.02 2.80 3.32 2.02
OR-comb 353 1001 5.67 189.04 -0.3 0.47 0.02 2.68 3.55 2.03
Kins 395 1053 533 178.06 -0.32 0.49 0.01 2.79 3.73 2.13
Kins-X 235 710 6.04 140.34 -0.32 0.65 0.03 2.65 321 2.18
Cars 267 625 4.68 125.18 -0.36 0.57 0.02 3.08 3.75 2.40
Dunn 302 837 5.54 154.88 -0.32 0.54 0.02 2.68 3.50 2.16

The datasets originally contain long lists of side characters, the first table includes these characters, the second table shows the values when the
groups are combined into a single node. The column with v shows the exponent of a fitted power law. The largest values in the columns for each

version of the datasets are in bold, the smallest values are italicised

I and II in scale, containing a similar number of nodes and
edges to the individual networks. This can be explained by
Carson compiling pieces from O’Rahilly’s Recensions I and
II to create his own version of the tale. Dunn’s edition of
The Tain takes elements of all three recensions, and has the
greatest number of nodes and edges after Kinsella’s network
and the combination of the two O’Rahilly recensions.
Despite their differences, all networks are shown to
be disassortative, which is not common for social net-
works (Newman and Park 2003), but common in these
ancient narratives (Mac Carron 2014). Additionally, all net-
works have similar values for their assortativity coefficients.
All the networks have similar values for average path
lengths and clustering coefficients. They display small-world
properties (i.e., when compared to a random network of the
same size, their clustering coefficient is larger, and their
average path length is smaller). It is worth expanding on the
mean path length () being shorter than the random Erdés-
Rényi value. As discussed later, power laws are found to
be the most likely of a few candidate models for the degree
distribution for the majority of these datasets. Fronczak et
al. Fronczak et al. (2004) estimates the expected mean path
length for the Barabasi-Albért model /g in eq. (19). Test-
ing that for ORI for example, we get fpa = 2.75 which is
closer to the observed value of (¢) = 2.63 than £;,,9 = 3.75.
Many power-law degree distributed networks are said to be
ultra-small world (Cohen and Havlin 2003). Traditionally,
this computes the diameter rather than the mean path length
(eg. Cohen and Havlin (2003)). Recently, van der Hofstad1

& Komjathy. van der Hofstad and Komjathy (2017) esti-
mate the typical mean path length for an ultra-small power-
law network to be ¢ = 2loglog N/|log(~ — 2)|. For ORI,
this gives 7 =1.46, indicating that these networks are not
ultra-small world.

The v values highlight that when the degree distributions
of each network are forced to be power laws, their coeffi-
cient values are all similar.

3.1 Graph matching

To assess how similar the networks are, we begin by using
the normalised graph edit distance. We next use the IM dis-
tances, a spectral method to compare similarities between the
networks. Finally we compute the network mutual informa-
tion (NMI) values (and show 1-NMI to keep them all within
the same range for interpretation). These were adjusted such
that for each of the metrics, lower values indicate that less
edges need to be edited to make the graphs exact. Table 3.1
presents the results of the network comparisons.

For each of the metrics, we see that again the English
and Irish O’Rahilly Recension I are the most similar. The
Kinsella networks (both with and without the pre-tales) are
the least similar. Generally, when comparing each of the
O’Rahilly networks to one another, they are closer than
comparing the O’Rahilly networks to Carson’s, Kinsella’s
and Dunn’s networks.

The table of IM values show that these distances across
all pairs are below 0.2, indicating the networks share similar

@ Springer
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structures without extreme dissimilarities present. IM dis-
tance is 1 when comparing an empty graph to a complete
graph, so the values will always be low for sparse networks
(Table 2).

3.2 Degree distributions

Maximum likelihood estimates are used to identify which
distribution out of a predefined list best fits each of the net-
works. These distributions include discrete versions of the
power law, exponential, Weibull, normal, Poisson, stretched
exponential, truncated-power law (i.e. a power law with an
exponential cut-off) and lognormal. The best candidate dis-
tribution are primarily power-law distributions. O’Rahilly’s
Irish Recension II network is the only exception being fit-
ted by a Weibull distribution instead. Figure 1 shows the
and complementary cumulative distribution functions for
O’Rahilly, Kinsella, Carson and Dunn’s networks, where
the datasets including the large groups of characters are
on the left, and without are on the right. They have a large
tail on the right hand side for all datasets. The scatter plot
shows that the probability distributions for the networks are

Table 2 All of the values for the graph matching section of the results

similar. However, there is a distinct set of outliers in Dunn
and O’Rahilly Recension II's networks just under k£ = 20,
which is not present for the Kinsella or O’Rahilly English
Recension I plots, which manifests itself as larger values in
the KS test results (Table 3). The probability mass functions
for all of the datasets (including O’Rahilly’s combined net-
work, Kinsella without pretales, O’Rahilly’s English trans-
lation of Recension I) can be seen in the Appendix (Fig. 2)
and here it is observed there are numerous characters with
the same degree of 17 resulting in the outliers.

When forcing all networks to match a power law by
setting k. = 2, their exponent values (y) are all similar
(= 2), as seen in Table 1. It is easy to show that a continuous
power law with v < 2 has an infinite first moment (i.e. mean
degree) (Newman 2005) (while with 2 < v < 3, the mean
is finite, but the second moment infinite). As the networks
presented here are finite (all of the order of a few hundred
nodes), as a result the continuous approximation may not
be a reliable model as can be seen from the small values of
mean degrees in Table 1.

As well as fitting the distributions, we also use the KS sta-
tistic to obtain a distance between each degree distribution.

ORI-Eng ORI ORIl OR-comb Kins Kins-X CARS Dunn
Normalised GED
ORI-Eng 0
ORI 0.01 0
ORII 0.03 0.03 0
OR-comb 0.02 0.02 0.01 0
Kins 0.02 0.02 0.02 0.02 0
Kins-X 0.03 0.03 0.04 0.02 0.02 0
Cars 0.03 0.03 0.03 0.02 0.02 0.03 0
Dunn 0.03 0.02 0.03 0.02 0.02 0.03 0.02 0
IM Distance
ORI-Eng 0
ORI 0.01 0
ORII 0.06 0.07 0
OR-comb 0.04 0.05 0.02 0
Kins 0.04 0.04 0.04 0.03 0
Kins-X 0.1 0.1 0.08 0.08 0.07 0
Cars 0.04 0.04 0.07 0.06 0.05 0.08 0
Dunn 0.04 0.04 0.04 0.03 0.04 0.08 0.04 0
1-NM1
ORI-Eng 0
ORI 0.12 0
ORII 0.74 0.74 0
OR-comb 0.42 0.37 0.39 0
Kins 0.99 0.99 0.99 0.99 0
Kins-X 0.99 0.99 0.99 0.99 0.38 0
Cars 0.89 0.89 0.94 0.90 0.99 0.98 0
Dunn 0.69 0.7 0.58 0.54 0.99 0.99 0.92 0

The values on the top are for the normalised graph edit distances (GED) (non-normalised values can be found in the appendices), followed by the
values for the IM distance, then the values for the 1-NMI (NMI values can be found again in the appendices). The smallest values, which repre-
sent the graphs that are closest, are emphasised in bold. The largest values, which represent the graphs that are the least closest match, are italics
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Complementary Cumulative Distribution Function (CCDF)
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Fig. 1 These figures show the complementary cumulative distribution
functions for O’Rahilly, Kinsella, Carson and Dunn’s networks. The
panel on the left shows the networks which contain the large groups

of peripheral characters. The right panel shows the distributions with
these groups of peripheral characters removed

Table 3 KS Statistic values when comparing each of the degree distributions to one another

ORI-Eng ORI ORII OR-comb Kins Kins-X Cars Dunn
ORI-Eng 0
ORI 0.00 0
ORII 0.06 0.05 0
OR-comb 0.04 0.04 0.04 0
Kins 0.13 0.12 0.1 0.12 0
Kins-X 0.11 0.1 0.09 0.1 0.06 0
Cars 0.09 0.08 0.07 0.08 0.07 0.05 0
Dunn 0.06 0.06 0.03 0.05 0.09 0.07 0.06 0

The smallest values, which represent the distributions most similar, are emphasised in bold. The largest values, which represent the graphs that

are the least closest match, are italicised

Table 3 reports the KS statistics for each network compared
to the others. A KS statistic value of 0 indicates that the
degree distributions are identical, and a value of 1 indicates
that they are maximally different. Like the IM distance ear-
lier, all of the values found in the table are below 0.2 as they
are all similar distributions. The column with the Kinsella
comparisons generally has the largest KS statistic values,
which can again be traced back to Kinsella’s inclusion of
pre-tales. This is confirmed in the adjacent column where
the values are all lower when the pre-tales are removed. The
Irish and English versions of O’Rahilly’s Recension I have
the lowest value, meaning their distributions are the most
similar.

The KS statistics comparing each of the networks mir-
ror the results found in the graph matching methods. The
O’Rahilly networks are all shown to have highly simi-
lar degree distributions. This is in contrast to when the
O’Rahilly networks are compared to the Kinsella and Car-
son networks, where the KS values are larger, indicating
structural differences.

3.3 Centrality measures

All studied networks have a small number of protagonists
who dominate the network properties. This leads to high
disassortativity, as there is a small number of characters
which are connected to the majority of the other characters
which have a low degree. In this section, we compare the
top characters by both degree and betweenness centrality.
When comparing the list of characters with the highest
degree across the different networks (see in Table 8 in the
appendix), the list of characters is largely the same across
the translations. Cu Chulainn has the largest degree in
almost all networks, apart from Kinsella’s network. In the
latter, Conchobar is the character with the largest degree,
which again can be attributed to Kinsella’s inclusion of pre-
tales, as they centre primarily around Conchobar and the
Ulstermen before The Tain. We can also note the presence
of Mugain in both O’Rahilly’s combined Recension I and
IT and Dunn’s translation as an important character, both in
terms of degree value and betweenness centrality. This is
explained by her connection to Medb’s genealogy tree (and
the many familial connections there) found in Recension II,

@ Springer



21 Page 8 of 13

Social Network Analysis and Mining (2026) 16:21

her link to Conchobar, as well as the inclusion of the list of
women with whom Mugain meets Cu Chulainn in one of
the Boyhood Deeds stories, a list only found in Dunn’s and
which therefore increases Mugain’s number of connections.
As one of the only female characters found in these lists of
important characters, it is interesting to see what contributes
to her inclusion here.

The top ten characters ordered by betweenness are quite
consistent in each (see named characters in Table 9 in the
appendix). The results are similar compared to the top ten
by degree with Ct Chulainn and Conchobar remaining the
two highest ranking characters among the different versions.
The same characters who had a large degree also have a high
magnitude of betweenness. However, betweenness central-
ity tends to be better at identifying important characters in
narratives compared to other centrality measures (Tarasev-
ich et al. 2023; Mac Carron 2014). Conchobar being the
highest ranking character in both betweenness and degree
for Kinsella’s highlights the prevalence of Conchobar in the
pre-tales. The top ten characters for O’Rahilly’s English and
Irish Recension I are almost identical when ranking in terms
of betweenness, emphasising how similar these versions are.
The top five characters in each is mostly the same, however
the next five differ leading to relatively low Jaccard indices
as shown in Table 10. This Spearman coefficient shows that
the order also isn’t highly consistent (also in Table 10).

3.4 Simulations
To account for the different sizes of the generated networks,

the larger networks were truncated to match the size of
smaller networks by randomly removing nodes until their

sizes were equal. This process was repeated 100 times to
account for variability and the network properties were
averaged across the truncations. It also allows for further
conclusions to be made about the similarities of the net-
works when size differences are not a factor. As the graph
edit distance is rather computationally expensive, and the
three similarity measures all yield similar results, we just
show values for the IM distances in Table 4.

Table 4 shows there are no large changes in the values
after the truncations. This indicates that both the IM dis-
tance and KS test values are not greatly impacted by net-
work sizes. The largest values can still primarily be found
in Kinsella’s column, O’Rahilly’s English and Irish trans-
lations of Recension I are still the most similar. The KS
test values have larger changes when using the truncation
methods.

4 Conclusions

At the beginning of this paper, we asked whether it is rea-
sonable to use social networks extracted from modern
translations and editions, as in Ref. Mac Carron (2014), or
whether differences between versions are significant enough
to impact the results. By all methods, we find here that a
direct translation of the same story, retains the most similar
social network structure to the original, but in this case, is
not identical.

The epic Tain Bo Cuailnge is found in many fragments
and in three different recensions spanning over a few centu-
ries, the older two of which are used here. One of the most
popular versions of it for a modern audience is Kinsella’s

Table 4 IM statistics and KS test values comparing each of the networks after randomly truncating the networks to be equal in size

IM Statistic ORI-Eng ORI ORII OR-comb Kins Kins-X Cars Dunn
ORI-Eng 0

ORI 0.01 0

ORII 0.07 0.07 0

OR-comb 0.06 0.05 0.09 0

Kins 0.08 0.07 0.12 0.04 0

Kins-X 0.11 0.12 0.08 0.15 0.17 0

Cars 0.04 0.04 0.06 0.07 0.09 0.11 0

Dunn 0.04 0.04 0.06 0.04 0.07 0.11 0.02 0

KS Test ORI-Eng ORI ORII OR-comb Kins Kins-X Cars Dunn
ORI-Eng 0

ORI 0.01 0

ORII 0.06 0.05 0

OR-comb 0.05 0.05 0.04 0

Kins 0.13 0.13 0.10 0.12 0

Kins-X 0.11 0.10 0.09 0.11 0.07 0

Cars 0.10 0.09 0.07 0.08 0.07 0.06 0

Dunn 0.07 0.06 0.04 0.05 0.10 0.08 0.07 0

The smallest values, which represent the graphs that are matched the closest, are emphasised in bold. The largest values, which represent the

graphs that are the least closest match, are italicised
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version (Kinsella 1970). This has been used in past work
(eg. Mac Carron and Kenna (2012)) but that choice was
questioned in Ref. Casey (2012) (with some responses in
Ref. Kenna et al. (2024)). That version takes elements of
both recensions, but here we show that the social network
within is different from either of those recensions as well as
their combination.

We show that English and Irish versions of O’Rahilly’s
Recension | are not identical, but they are very similar. Even
with only a few nodes and edges different, the graph edit
distance requires 267 changes to match these (see Table 6).
However, they are still the most similar with very low differ-
ences on the graph matching algorithms and structural prop-
erties mostly different in the second decimal place or lower.

Part of the reason for this non-exact matching could be
due to the difference in structures between the English and
Irish languages leading to a difference in the way characters
are perceived to be interacting between one another. It can
also be attributed to the version of O’Rahilly’s translation
of Recension I available online including glosses within the
body of the text. Glosses are textual additions which appear
in the margins or between lines in the original manuscripts,
and which occasionally introduce new characters or narra-
tive perspectives, but are not part of the main body of the
text. These glosses are absent from the online version of
O’Rahilly’s edition of the text in the original Irish, and the
original printed versions of both edition and translation
present them only in footnotes. However, for the transla-
tion available online, the glosses are incorporated into the
main text. Both of these online versions are the most read-
ily available way to access O’Rahilly’s work, and are found
on the same platform, yet they seem to reflect two different
editorial practices when it comes to the inclusion of glosses
specifically. The inclusion (or lack thereof) reflects how
translation can serve as a place for additions to the source
material, as well as the choices made in the process of mak-
ing a text available to the public. The version combining
elements of all three recensions by Dunn, has more interac-
tions than the other networks, but it matches closer to the
O’Rahilly editions than the modern ones.

The networks generated from the later and modern
renditions of The Tdain, diverge further from Recension
I. The larger distances observed in two modern versions
highlight the narrative differences between the old and the
new. Although Carson and Kinsella both used O’Rahilly’s
Recension II as reference, as well as O’Rahilly’s Recension
I'in Carson’s case, they result in networks that are structur-
ally less similar to either of O’Rahilly’s individual editions.
This emphasises how both Carson and Kinsella’s versions
of the text selectively incorporate pre-tales and sections of
Recensions I & II, which leads to the creation of a text that
has never been historically validated. This is important to

consider if the networks are used to analyse the text and the
interactions between the characters within it, but also the
time period during which the text was compiled.

From the point of view of the structural network proper-
ties, it is worth noting that all versions have similar quanti-
ties as shown in Table 1, all being disassortative, with similar
shapes of degree distributions and being small world.

This work demonstrates how translations are interpre-
tive and are prone to altering narrative (and hence network)
structures, highlighting the importance of linguistic and edi-
torial choices. An implication here is that, as stories evolve
and change the social network presented is not entirely con-
sistent. For future research in this area, justification should
be provided for which version is used. If performing a
quantitative comparison (as in Ref. Mac Carron and Kenna
(2012) for example), then perhaps the different versions
should be used rather than just one.

Overall, however, these findings suggest that the closer
a version stays to an original source, whether in language
or narrative structure, the more structurally similar the
resulting social network will be. As Kwon et al. Kwon et
al. (2009) have shown, even documents that are intended
to be universally consistent, such as the Universal Decla-
ration of Human Rights, carry subtle semantic differences
across languages. While staying close to the original source
leads to more consistent network representations of the
tale, it makes the data gathering more difficult. Computa-
tional attempts to extract the network, such as using natural
language processing or large-language models are mostly
trained on English and therefore, in this case, will not be
suitable for working on Old or Middle Irish. Using manual
extraction, the requirement for those gathering data to be
able to read the original language significantly decreases
the pool of those able to extract the social network. This is
somewhat discouraging, but it does demonstrate a need for
crossing disciplinary boundaries in this kind of research and
a requirement for experts in both humanities and the sci-
ences to work together.
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Fig. 2 These figures show the probability mass functions for all networks. The figure on the left contains the large groups of peripheral characters,
the right has these groups of peripheral characters removed

Table 5 List of all networks analysed in this paper with abbreviations

used to refer to each version henceforth.

Version/edition of the tain Abbreviation
O’Rahilly Recension I (English) ORI-Eng
O’Rahilly Recension I (Irish) ORI
O’Rahilly Recension II (Irish) ORII
O’Rahilly Recensions I and II Combined OR-comb
Kinsella Kins
Kinsella Without Pre-Tales Kins-X
Carson Cars

Dunn Dunn

Table 6 Graph edit distance values when comparing each of the networks, where the most similar networks with the least edits (i.e., the graphs
which are most similar) is in bold, and the networks with the most required edits (least similar) is in italics

ORI-Eng ORI ORII OR-comb Kins Kins-X CARS Dunn
ORI-Eng 0
ORI 267 0
ORII 991 1040 0
OR-comb 1256 1173 833 0
Kins 1571 1560 1704 1755 0
Kins-X 1065 1084 1199 1519 1192 0
Cars 969 969 1058 1335 1560 1139 0
Dunn 1171 1115 1159 1372 1738 1367 1113 0

Table 7 Network Mutual Information values when comparing each of the networks, where the maximum value is in bold (indicating the networks
which are most similar), and the minimum value is in italics (indicating the most dissimilar networks)

ORI-Eng ORI ORII OR-comb Kins Kins-X Cars Dunn
ORI-Eng 1
ORI 0.88 1
ORII 0.26 0.26 1
OR-comb 0.58 0.63 0.61 1
Kins 0.01 0.01 0.00 0.01 1
Kins-X 0.01 0.01 0.01 0.01 0.62 1
Cars 0.11 0.10 0.06 0.10 0.01 0.02 1
Dunn 0.31 0.3 0.42 0.46 0.01 0.01 0.08 1
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Table 8 Top ten characters in order of highest degree values

ORI-Eng ORI ORII OR-comb Kins Kins-X Cars Dunn
1 Cuchulainn Cuchulainn Cuchulainn Cuchulainn Conchobar Cuchulainn Cuchulainn Cuchulainn
2 Medb Medb Medb Medb Cuchulainn Medb Medb Medb
3 Fergus Fergus Fergus Fergus Medb Ailill Ailill Fergus
4 Ailill Ailill Ailill Ailill Ailill Fergus Conchobar Ailill
5 Cethern Cethern Conchobar Conchobar Fergus Conchobar Fergus Conchobar
6 Conchobar Conchobar Cethern Cethern Conall Cethern Cethern Ferdiad
7 Finnabair Docha Eochu Laeg Cethern Fiacha Ferdiad Laeg
8 Ferdiad Finnabair Find Ferdiad Dubthach Finnabair Finnabair Cethern
9 Docha Maine Andoe Findoman Mugain Fiacha Laeg Maine Mugain
10 Maine Andoe Ferdiad Findeoin Cormac Finnabair Ferdia Conall Fiacha

Table 9 Top ten characters in order of greatest betweenness centrality values

ORI-Eng ORI ORII OR-comb Kins Kins-X Cars Dunn
1 Cuchulainn Cuchulainn Cuchulainn Cuchulainn Conchobar Cuchulainn Cuchulainn Cuchulainn
2 Fergus Fergus Medb Medb Cuchulainn Medb Medb Fergus
3 Ailill Ailill Fergus Fergus Medb Ailill Ailill Medb
4 Medb Medb Conchobar Ailill Ailill Fergus Conchobar Conchobar
5 Conchobar Conchobar Ailill Conchobar Fergus Conchobar Fergus Ailill
6 Cethern Cethern Mac Roth Mac Roth Eochu Eochu Eochu Ferdiad
7 Bricriu Bricriu Cethern Cethern Laeg Ferdia Cethern Mac Roth
8 Rochad Etarcomol Ferdiad Ferdiad Mugain Laeg Finn Donn Cuailnge
9 Etarcomol Nemain Dubthach Mugain Cathbad Cethern Finnoman Dubthach
10 Nemain Conall Docha Laeg Finnbennach Etarcomol Finnen Mugain

Table 10 Jaccard and Spearman values for the rankings of characters in order of betweenness, where the most similar rankings are bold and the
least similar are italicised.

Jaccard ORI-Eng ORI ORIIL OR-comb Kins Kins-X Cars Dunn
ORI-Eng 1

ORI 0.82 1

ORII 0.43 0.43 1

OR-comb 0.43 0.43 0.67 1

Kins 0.33 0.33 0.33 0.33 1

Kins-X 0.43 0.43 0.43 0.43 0.43 1

Cars 0.43 0.54 0.54 0.54 0.33 0.43 1

Dunn 0.43 0.43 0.54 0.82 0.33 0.43 0.54 1
Spearman ORI-Eng ORI ORII OR-comb Kins Kins-X Cars Dunn
ORI-Eng 1

ORI 0.67 1

ORII 0.07 0.02 1

OR-comb 0.09 0.18 0.77 1

Kins -0.15 -0.67 0.10 -0.08 1

Kins-X 0.60 0.31 0.15 -0.15 0.02 1

Cars 0.39 0.67 -0.01 0.21 -0.19 0.38 1

Dunn -0.24 -0.04 0.33 0.67 -0.04 -0.15 0.28 1
Appendix A: Additional figures Appendix B: Additional tables

In this section we present further results in the form of fig-  In this section we present further results and details on the
ures. These are the probability mass functions for all ver-  comparison of these networks. Initially however, we show

sions of the T4in with and without groups.

the abbreviations for each of the networks for the reader’s
convenience in Table 5.

In the results section above we provide the less common
normalised graph edit distance. As the graph edit distance is
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an integer displaying how many changes need to be made
to a graph to match another, in Table 6 we show these non-
normalised values.

In the same section, we show the network mutual infor-
mation (NMI) values which are provided in the form 1-NMI.
Table 7 displays these values in their natural form.

The top ten characters in each network ranked in terms of
their degree are shown in Table 8.

The top ten characters ordered by betweenness are shown
in Table 9.

The Jaccard coefficient and Spearman’s rank coefficient
for the betweenness is shown in Table 10.
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