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For over a decade, complex networks have been applied to mythological texts in order to quantitatively compare
them. This has allowed us to identify similarities between texts in different cultures, as well as to quantify the
significance of some heroic characters. Analysing a full mythology of a culture requires gathering data from
many individual myths which is time consuming and often impractical. In this work, we attempt to bypass this by
analysing the network of characters in a dictionary of mythological characters. We show that the top characters
identified by different centrality measures are consistent with central figures in the Irish sagas. Although much
of Irish mythology has been lost, we demonstrate that these most central characters are highly robust to a large
random removal of edges.
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1. Introduction

A key concept in complexity science, is that of emergence. This is the idea that seemingly new
attributes form in complex systems which are not trivial or expected from analysing their individual
constituents. Often these attributes, or properties, can be compared and allow us to classify complex
systems, similar to the concept of universality classes in statistical physics [[1].

Complex networks as an area has recently developed and is often used to analyse complex systems [2].
In these systems, the constituents, or nodes, are directly linked to one another via edges. Structural
properties of these networks enable comparisons of different complex systems — for example one of the
first applications compared the neural network of a nematode worm, a power-grid network, and a movie
actor network, finding similarities in the structural properties of all three [3].

Complex networks have been applied to many systems, from archaeology [4] to zoology [3]]. In this
work we apply complex networks to mythology. Mythology is one of the furthest fields from science,
often rooted in superstition and lying outside the realm of the physical world. However, myths occur in
every culture and therefore can be seen as an emergent property of a culture.

Though there are many different definitions of a myth — a common one being that of a sacred
narrative [[6] — the word itself comes from the Greek word mythos meaning story, and generally a story
concerning the past and the imagination. That is the definition we employ here when using the term myth:
a traditional narrative from a culture.

There are many approaches to comparative mythology, such as a structuralist approach to the lan-
guage [7], a cognitivist approach [8]], identifying similar roles and functions of gods in different cul-
tures [9]], and even a phylogenetic approach [10], to name a few. Our previous work has looked at
comparing the social networks appearing in different myths [[11].

The idea to analyse the social networks of myths and compare them to one another came from Ralph
Kenna. Ralph’s interest in universality classes and complex networks led him to the idea that the myths
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of different cultures could be compared using their social networks. The initial question was whether we
could classify cultures from the structural signatures of their social networks. In the end, however, we
discovered that different genres of stories gave rise to different network properties [[12]. For example, the
network of Anglo-Saxon Beowulf and the Greek Odyssey, both of which feature a central protagonist
travelling to different locations, have different network properties to those to the Homer’s Iliad and the
Icelandic Njals saga, which feature a larger conflict and are mostly set in one location. The Iliad and
Odyssey are from the same culture and purportedly the same author, yet have different structures.

Ralph was also influenced by Gleiser (2007) [13] which showed why the social network of the comic
characters of the Marvel Universe did not look like a real-world social network. Some myths are rooted in
history and based on historical events, such as the Iliad [14]]. Others are entirely made up, for example, to
describe a culture’s pantheon or the constellations. However, some myths, like some of the Irish narratives
for example, it is not known where they lie on this spectrum. We hoped to quantify how realistic the
social network presented might be, which we attempted in [[11]. However, upon identifying that the social
network is more reflective of the genre, we moved on from this approach in later works.

In this article, a different approach is taken again. We create a large network of one mythology using
a dictionary of characters, and use network centrality measures to identify the important characters.
We then randomly and strategically remove edges to determine how robust the identification of these
characters is to simulate the effect of loss of texts. This kind of approach has not been applied in this
context before.

Many sources of myths and epics have been lost, for example some Greek epics are known in name
only [15]. Similarly, there are named Irish narratives in manuscripts which we no longer have [16].
Estimating how many narratives remaining is also not trivial. Kestemont et al. [[17] use an unseen species
model on surviving texts in manuscripts to show that Irish texts could have up to 80% survivability.
However, they do not (and likely cannot) distinguish between texts with narratives or scripture and
gospel. The Irish stories that survive have a long oral tradition, often being transmitted for centuries
before being recorded mostly in the 12th — 14th centuries [[18,|19]. As the supernatural characters turn up
in different sagas, this allows us to create one large social network. Due to this, they will be important in
this network even if we are missing information on them. Hence, a seemingly minor character appearing
in a few texts, could have been important in the entire mythology but their story is now lost and their
network properties will allow us to identify this.

In this work we focus specifically on early-modern and medieval Irish narratives. Traditionally this
entire corpus is separated into four cycles: the mythological cycle, the Ulster cycle, the Fenian cycle and
the historical cycle. The first of these is to do with the settling of Ireland and the supernatural Tuatha
Dé Danann (“the tribe of the goddess Danu”). While some characters of the Tuatha D€ can be called
(or associated with) gods, they can be killed. These characters have magical powers, and sometimes
are associated with things like the sea (Manannin Mac Lir), death (the Mdrrigan), love (Aonghus Og),
etc. Importantly, there is no knowledge or discussion of religious practice to these in the recorded texts
making it more challenging to assert whether they are gods or not [[16]].

At the end of the mythological cycle, the Tuatha D¢ retreat underground to the “Otherworld” and
frequently appear in the other cycles. Chronologically the next cycle is the Ulster cycle. Ulster is a
province in the north part of the island. This cycle is centred on the boy-hero Ctichulainn, the son of the
Tuatha Dé Danann character Lugh (sometimes identified as one of the most important gods [16]]). The
following cycle is the Fenian cycle, focussed on the hero Fionn Mac Cumhail and his band of warriors,
the Fianna. These myths tend to take place over the whole Ireland though Fionn’s base is on the Hill
of Allen in Leinster in the east of the island. Finally the historical cycle often deals with voyages from
Ireland that tend to be set in the time of historical High Kings of Ireland.

The classification of myths into four cycles is rather problematic, however. For example, some of the
sagas dealing with the Tuatha Dé characters span hundreds of years, sometimes taking place across the
different cycles, and others are more recently written [[16]. Reference [20] argues that there is no real
separation between the sagas of Mythological and Ulster cycles. The dictionary used here often does not
attempt to categorise a character into one of these cycles, instead, we aim to do this from the network.

One of the disadvantages of our previous methods is the fact that it requires gathering every interaction
between characters in texts. For single narratives, this is quite achievable, but for an entire corpus of
narratives, this requires a lot of time and manpower. While work has been done on using natural language
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processing to extract characters and character networks [21], it works best for extracting conversation
links and more recent varying attempts do not achieve huge success [22]]. Here, we attempt to bypass
this by using a dictionary of mythological characters and scraping the interactions from other names
mentioned in their entries. We use centrality measures and inter-community edges to attempt to quantify
the most important characters. We then randomly and strategically remove edges, to represent missing
connections due to lost narratives, and categorise how stable the central characters are.

This paper is structured as follows: in the next section the data and methods used are described. The
following section give the network properties, identifies the central characters, analyses the communities
and performs link removal simulations for the robustness. Then, the conclusions and plans for next steps
are presented.

2. Data and methods

We use Peter Berresford’s Dictionary of Irish Mythology 23] to obtain data on Irish mythology. This
contains entries on 776 characters from Irish myths. There are a further almost 200 characters mentioned
in descriptions that do not have their own entries. As many characters have the same names, and this
contains information on place names (and sometimes academics who have worked on that character),
much of the data had to be evaluated by hand after scraping to ensure accuracy.

A directed edge is added each time a character is mentioned in the entry for another character. No
further meaning is ascribed to an edge. Therefore, each character will have an in-degree (representing the
number of times they appear in other character’s entries), and an out-degree (which represents how many
other characters are mentioned in their description). We will fit to these distributions using the methods
described in reference [24].

Beyond the degree, we will determine the most central characters in the network using the betweenness
centrality which identifies characters on many shortest paths [25]]. Therefore, if information propagates
through the network, it is likely to pass through characters with a high betweenness. We also use the
closeness centrality which is the reciprocal of the sum of shortest distance (i.e., farness) to all other
nodes [26].

To detect communities, we use the Girvan-Newman algorithm [27]. This works by recursively remov-
ing the edge with the highest betweenness centrality until it finds a partition. We will use the modularity to
verify that the partition is better than a partition selected at random [28]]. While modularity in community-
detection algorithms has its downfalls [29][30]], here we are using it in a descriptive capacity rather than
an inferential one. Also, as we have the distinct advantage here of knowing some of the members of the
communities, we can discern if the communities detected describe the system appropriately or not.

With the communities identified, we will identify inter-community edges and identify frequent char-
acters connecting communities. In the Irish data, we expect these characters to be of the Tuatha Dé
Danann.

Finally, we perform a simulation to test the effects of missing edges. As mentioned earlier, many of
the sources have been lost. Hence, we wish to see how robust the central characters are if we remove
edges at random and strategically. We use the Jaccard index for the top 5, 10 and 25 characters by both
betweenness and closeness. The Jaccard index does not care about the order, just that the set is the same.
We perform a random removal of 500 edges 1,000 times and compute the 2.5 and 97.5 percentiles from
the 1,000 simulations to get a 95% confidence interval around the mean. We then take a strategic removal
approach related to snowball sampling. This takes the idea that missing edges are unlikely to be random,
but related to the characters interacting in specific stories. Here, we randomly pick a character and with
probability p remove edges between each of their neighbours. We then go to each neighbour and with
probability p — ne (where n is the distance from the original node and € is a small value) remove an edge
for each of their neighbours. We recursively repeat this until p — ne < 0. Each time an edge is removed,
we compute the Jaccard index again on the betweenness centrality and repeat the process until 500 edges
are removed. This is also repeated 1,000 times. We choose p = 0.8 and € = 0.2.
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Figure 1. (Colour online) The directed network with 3 communities fitted using the Girvan-Newman
community-detection algorithm. The ten characters with the highest betweenness are named. Of these,
four are supernatural characters, two are kings, two are leaders of the settlers of Ireland and the others

are the two major heroes.

3. Results

3.1. Core network properties

The weakly connected giant component of the network is shown in figure[I] This comprises 768 of
the 959 named characters. Of these, 525 are male, 175 are female, and the rest are unknown. There are
2,164 edges giving an average degree of 2.26. The reciprocity of the directed network is 0.46 indicating
that less than half the edges go both ways.

The in-degree and out-degree distributions are shown in figure[2|(a). Fits are made to the distributions
using the methods outlined in [24]]. Of the candidate distributions, the in-degree distribution receives

most support from a discreetised power law with an exponential cut-off of form py ~ k7Ye™
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Figure 2. (Colour online) Panel (a) shows the complementary cumulative degree distribution Py, for the
in-degree (circles) with a fitted truncated power law, and out-degree (squares) with a fitted log-normal
distribution. Panel (b) shows the probability mass function for the shortest path length p, with a fitted

Poisson distribution.
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Table 1. The top 20 characters arranged by in-degree, out-degree, betweenness centrality and closeness
centrality. The values of the in-degree and out-degree are given in parenthesis. Character names in bold
are supernatural characters from the Tuatha Dé Danann.

| Rank | In-degree Out-degree | Betweenness | Closeness \
1 Cichulainn (70) Cichulainn (30) Cichulainn Manannan
2 Fionn (69) Fionn (19) Manannan Ctchulainn
3 Conchobhar (58) Lugh (17) Dagda Dagda
4 Medb (41) Naoise (16) Lugh Medb
5 Manannan (40) Oscar (15) Fionn Ailill
6 Conall Cearnach (31) Conchobhar (14) Milesius Lugh
7 Partholén (28) Fergus (14) Conchobhar Bodb Dearg
8 Ailill (27) Milesius (14) Conaire M6r | Cormac Mac Art
9 Aonghus ()g(24) Deirdre (13) Parthol6n Fionn
10 Dagda (23) Diarmuid (12) Mongan Aonghus ()g
11 Bodb Dearg (21) Oisin (12) Ogma Fand
12 Cormac Mac Art (21) Aonghus Og (11) Midir Nuada
13 Lugh (21) Conaire Moér (11) Eber Midir
14 Nuada (2) Etain (11) Ronéan Conall Cearnach
15 Naoise (19) Ethlinn (11) Bodb Dearg Conchobhar
16 Fergus (18) Manannan(11) Dubhthach Balor
17 Conaire Moér (17) Niall Noighiallach (11) Fiacha Conaire Moér
18 Milesius (17) Ogma (11) Diarmuid Dechtiré
19 Ogma (17) Art (1) Aedh Dubh Morrigan
20 Tuireann (17) Balor (10) Aonghus ()g Bécuma

parameter estimates of y = 1.97 and « = 115.04. There is a moderate support for a power law with
exponent 2.14. The out-degree distribution receives best support for a log-normal distribution of form
pr ~ (1/k)exp[—(Ink — p)?/20°%] with parameter estimates of x = 0.80 and o = 0.79. Moderate
support is received for an exponential distribution of form p; ~ exp(—k/k) with parameter estimate
k = 2.53. Since the out-degree decays much faster and is confined to an individual entry, we attribute
more significance to the in-degree as this requires characters frequently mentioned in many descriptions.

We show the top 20 characters ordered by in-degree and out-degree in table |1} Both Cidchulainn
and Fionn Mac Cumbhail, the two heroes the Ulster cycle and Fenian cycles are centred on respectively,
have the highest in-degrees (70 and 69) and out-degrees (30 and 19). As evident from figure 2] (a), these
in-degrees are far to the right of other characters. The supernatural Lugh Lamhtfhada has the third highest
out-degree (17) but 12th highest in-degree (21). While the in-degrees and out-degrees are correlated
r = 0.69 (p < 0.001), when ranked they are not strongly correlated with a Spearman-rank correlation
of p = 0.44 (p < 0.001) reflecting the different ordering of characters. The degree assortativities of the
graph are uncorrelated with an out-out and in-in assortativities of —0.01 and —0.04, respectively.

The mean number of steps between two characters is 5.92 (o0 = 2.41) with a maximum shortest
distance of 18. The full path-length distribution is shown in figure 2] (b) with a fitted Poisson distribution
(A = 5.92) capturing the right skew. Note that for the shortest distance, we convert the graph to undirected,
but all other measures use directed counterparts (including the distances in the betweenness and closeness
centralities below).

Instead of focussing on the number of connections, however, we are more interested in where they
lie on the network. We use the betweenness and closeness centralities as a more representative measure
of influence. The higher is the betweenness, the shorter are the paths between other pairs a node lies on.
The higher is the closeness, the less distance it has to all other nodes.

The top 20 nodes ordered by betweenness and closeness centrality are displayed in table [I] The
order is different again to the in-degree and out-degree. The closeness centralities contain more of the
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supernatural characters (in bold), ten in total. Closeness is also the only to feature one of these characters,
Mananndn Mac Lir (sometimes referred to as the god of the sea), at the top. We also compute the
eigenvector centrality (not shown in table).

The ten nodes with the highest betweenness centrality are named in the network diagram in figure[I]
Two of these are the main heroes of the Ulster and Fenian cycles, Cichulainn and Fionn. Conchobor Mac
Nessa is the king of Ulster in Cichulainn’s time and Conaire Mor is the high king of Ireland at that time.
The first cycle tells us of seven settlings of Ireland. One of the first is that of Parthol6n, athough they all
die of a plague. Hence, they are not strongly connected to the main network and as a result Parthalén’s
betweenness is inflated. After the Tuatha Dé Danann settle, the Milesians, led by Milesius, arrive next
and drive the Tuatha underground. The remaining four characters named are all influential members of
the Tuatha.

In terms of order, Ctichulainn has the highest betwenness, followed by Manannan Mac Lir, the Dagda
and Lugh before Fionn. The Dagda is the original head of the Tuatha D€ Danann. Lugh and Mannanan
are the two who tend to appear more frequently in different narratives usually to aid the protagonists.
While it is not surprising to see these rank highly, it is surprising to see Mongan, the son of Manannin
Mac Lir in the top ten. He is not a character of major significance except in one narrative. However, he
links characters in a few different narratives increasing his importance in the network.

Using the eigenvector centrality yields surprisingly different results, of the top ten characters here
(Conchobhar Mac Nessa, Cuchulainn, Naoise, Conall Cearnach, Cathbad, Deirdre, Medb, Fergus Mac
Roech, Ailill Mac Méta, and Manannan Mac Lir), 9 of those are all in the Ulster cycle (in the red cluster
in figure[I). This seems to identify the core characters of one cluster, with only one supernatural character
in the top 20 and Fionn in fifteenth. This is similar to the recent work on a Russian novel which shows
that betweenness centrality corresponds well to characters that are structurally important, and eigenvector
centrality to the most important sub-network [31]].

3.2. Communities

The Girvan-Newman algorithm is used to determine communities in the giant component [27]. The
first partition separates the people of Partholdn, 37 nodes (Q = 0.05). After this there is a split to 426
and 309 nodes. The modularity of these three clusters jumps to Q = 0.48. If we continue partitioning,
the algorithm continues to remove clusters of 20 or 30 nodes but does not split the larger communities
substantially. The modularity slowly grows and does not jump again like from two communities to three.
Hence, we settle on three communities which are coloured in figure

Inspecting the membership of the two large communities, we see the larger one (blue in figure [T))
contains the Fenian cycle and characters from historical cycle. The smaller one (red) contains characters
from the Ulster cycle. The characters of the Tuatha Dé appear as frequently in the other cycles as the
mythological one so they are spread throughout both clusters. We find two clear misclassifications, the
brown bull Donn Cdailnge, the chief prize of the epic Tdin Bé Ciiailnge, and the Ulster cycle character
Fraoch are both in the blue rather than red clusters. This is because Bodb Dearg is mentioned in
Donn Ciailnge’s entry and Fraoch is the son and nephew of the Tuatha characters Bé Find and Boann,
respectively. Bodb Dearg and Boann both have strong connections to characters in the Fenian cycle, the
former being the head of the Tuatha D¢ at that time.

Of the 54 edges between the two largest communities, half of them contain a character from the
Tuatha Dé Danann. Some of these such as Aonghus Og and the Mérrigan are well known, characters
such as Ogma and Midir, however, are less known. Many of these characters appear in other narratives
but are almost never central characters in any narrative.

3.3. Simulations

As mentioned earlier, much of Irish mythology has been lost. In order to measure the effect that
the missing edges have, we randomly and strategically remove the edges to determine if the central
characters are consistent. We measure this by checking the Jaccard index for the top 5, 10 and 25 most
central characters. We initially randomly remove an edge and compute these 1,000 times up to the removal
of 500 edges. We plot the mean surrounded by the 2.5 and 97.5 percentile as a 95% confidence interval.
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Figure 3. (Colour online) Panel (a) displays the Jaccard index for the top 5, 10 and 25 nodes ranked by
betweenness Jp, here we see even removing 500 (almost 25%) of the edges, the Jaccard stays above 0.5
showing that more than half the characters in the top 25 do not change. Panel (b) shows the Jaccard index
when removing characters strategically is not as robust.

We then strategically remove the same number of edges, by randomly selecting a node and removing
with probability p = 0.8 their neighbour’s edges. We then go to their neighbours and remove edges of
those with p — ne where 7 is the distance for the first node and we chose € = 0.2. This reflects the idea
that these characters are all in the same story.

In figure [3] (a) we show the Jaccard index (the size of the intersection of two sets over the size of the
union) between the top ten characters ranked by betwenneness compared to the top 5, 10 and 25 nodes
after each edge removal. Here, we see that even after removal of almost 25% of the edges, the Jaccard
index remains above 0.5 indicating that half of those characters remain in the top 25 at worst. Note, the
lack of change on the quantiles shows that certain regions are highly stable. Similar results are found for
the closeness centrality (not shown).

Focussing on the top five characters based on betweenness, we randomly remove 500 edges 1,000
times. Cdchulainn, Manannédn, Lugh and Fionn remain in the top 5 100% of the time, Dagda remains
96% of the time. Going to the next five, however, Conchobhar remained 98% of the time, but the other
four fluctuate more which is why the Jaccard index approaches 0.6 in figure [3[a). Characters such as the
Morrigan, Ogma, Aonghus Og, and Midir show up in the top ten frequently at these points.

Figure [3] (b) shows the Jaccard index for the strategic removal of nodes. Here, we do not have the
same level of robustness. After removing almost 25% of the edges, the Jaccard index is less than 0.5 for
the top 10 and top 25 nodes meaning that less than half of them are the same.

From this, we conclude that with a random loss of up to a quarter of the edges, the top five characters
are highly stable when ranked by betweenness and closeness. Going beyond this, there is more variation,
but all from characters who are identified in table E} In this case, with the random loss of edges, the
central characters are likely to be consistent when removing randomly at least. However, when taking a
snowball sampling approach, the central characters are less robust. However, the parameter space here is
quite large and further investigation needs to be done for this. As many of the main characters frequently
co-occur in a given cycle, perhaps a value of p = 0.8 is too high. Future work from the individual texts
is required to ascertain good parameter values.

4. Conclusions

When studying an amalgamated network of 18 sagas of the Icelanders, we observed that the highest
betweenness characters were generally not the protagonists of single narratives [32]]. Some chieftains
like Snorri Godi or Grimr, feature highly, as does a relatively minor character named Olaf the Peacock
who was a merchant who then became a chieftain. That work featured over 1.500 characters. It was
this realisation that characters do not need to be central to a text but can have large influence (possibly

33803-7



P. MacCarron

related to their status) in the combined corpus that led us to the aim of quantifying the role of gods in a
mythology.

This led us to the subsequent question: who are the most important characters in Irish mythology?
The author of the dictionary used seems to argue that it is Lugh and calls him a sun god (though there
is little evidence to support this [[16]). Others argue that it is Dagda, the head of the Tuatha Dé Danann.
There is merit for it to be Manannan Mac Lir, often called god of the sea, who is the earliest pagan deity
named in the narratives [16]. From our directed network, we quantitatively demonstrate that these three
are most important Tuatha Dé characters for the network of dictionary characters. At the very least, this
tells us that these data are reliable. At best, this is support for their influence in the Irish sagas. Unlike
the two main heroes Ctichulainn and Fionn, these are generally not the protagonists of many narratives.
However, if information were to pass through the network, it would be more likely to pass through one
of these characters.

These characters also feature on many inter-community edges between the two cycles with the most
narratives. They continue to feature highly in the network properties with the random removal of up to
25% of the edges. This implies that even if we only have a fraction of narratives from that time, it is likely
that these three characters would still be the core supernatural characters in Irish myths. Though, when
we take a non-random approach, there is less stability in the central characters, the choice of parameters
here may reflect that and this needs to be investigated further.

Earlier the issues of traditional classification into four cycles was mentioned. From the network, we can
easily detect two large communities, one focussed on Cidchulainn and the other on Fionn. This supports
the idea that the Mythological Cycle should not be separate as argued qualitatively in reference [20].

Itis worth noting that the network here does not represent the same type of network we have previously
analysed. In those we have edges each time two characters interact in a story. In the dictionary we do
not have as precise edges, sometimes another character is mentioned if an event they are associated with
is similar to that of the discussed character. Hence, we use directed edges here because that is the only
further information we have. This has implications for the betweenness calculations which affects both
our character-ranking and community-detection methods. However, our simulations show that the order
of characters by this is robust for the major characters.

Going forward, we aim at continuing gathering data for individual myths and hope to complete all
the Irish narratives. This will allow us to validate the results here on a much larger network and get more
accurate results for the loss of edges and test the loss of random narratives.

The methods presented here have just been focussed on Irish mythology. However, this could easily
be applied to any other mythology where a similar dictionary is available. As mentioned earlier, some
Greek epics are known to have existed that we no longer have, the edge-removal technique here could also
be used in those data to quantify the change in central characters there in order to simulate and measure
the effect of loss of data. Dictionary data also exist more commonly for other cultures, and datasets like
Wikipedia could be used to gather links similar to the methods employed by reference [33]]. This would
speed up the data collection, although for the Irish data it is a bit lacking at present.
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P. MacCarron

KinbKicHa ouiHKa poni HaANPUPOAHNX CYTHOCTEW i BNANBY
BifICYyTHIX JaHNX B ipNaHACbKUX carax

M. Ma|<|<app0|-|mZ

L ®akynbTeT MaTeMaTUYHOI CTaTUCTUKW, YHiBepcuTeT Jlimepuka, Jlimepuk V94 TIPX, IpnaHais
2 LleHTp gocnifKeHHs PigUHHUX i CKnagHWX cncTeMm, YHiBepcuTeT KoBeHTpi, KoBeHTpi, CV1 5FB, AHrnisa

CknagHi Mepexi 3aCTocoByBaNnCa ANS KiNbKiCHOro NOPIiBHAHHA MipONOriYHUX TEKCTIB BXe NOHaz AeCATb POKIB.
Lle 403B0O/IMN0 HaM BUABUTU CMiNIbHI PUCK MiX TEKCTaMU B Pi3HUX KyNbTypax, a TakoX KislbKiCHO BU3HaUUTU Ba-
XNUBICTb AeSKUX repoiYHMX NepcoHaxiB. AHani3 MoBHOI Midonorii KynbTypu BuMarae 36opy faHumx 3 6aratbox
okpeMux MidiB, Lo 3aiiMaE baraTo Yacy Ta YacTo € HeMmpaKTUYHMM. Y Uil poboTi MM HaMaraemocs e obinTu,
aHanisyuy Mepexy nepcoHaxis y CNoBHUKY MibonoriyHmx nepcoHaxis. My nokasyemo, Lo rosIoBHi NepcoHa-
Xi, BU3HaUeHi Pi3HVMUN NOKa3HMKaMK LLeHTPaNbHOCTI, Y3roAXytTbCA 3 OCHOBHVMW reposiMu ipfaHACbKIMX car.
Xoua 3HayHa YacTuHa ipnaHAceKoi Midonorii 6yna BTpayeHa, MU JeMOHCTPYEMO, LLO Lji HakbiNbLL LeHTpanbHi
nepcoHaxi Ay>e CTiliki HaBiTb 40 BEIMKOro BUMAAKOBOrO BUAANEHHS KPaiB BUGipKU.

KnrouoBi cnoBa: cknagHi mepexi, coyiaZbHi Mepexi, migooris
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