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In this paper we apply network analysis to the study of literature. At the 
first stage of our investigation we automatically extract networks (graphs) 
of characters for each part of Leo Tolstoy’s novel War and peace using two 
different techniques for network creation. Then we evaluate these two tech-
niques against a set of manually created gold standard networks. Finally, 
we use the method that demonstrated better performance in our evaluation 
to test a literary hypothesis about Tolstoy’s novel. The hypotheses we in-
tended to prove was that the parts of the novel describing war (i.e. those 
where the battlefield or military units are the primary settings), have statisti-
cally lower density of interaction between characters, resulting in lower net-
work density, higher network diameters and lesser average node degrees. 
By showing this correlation we mean to demonstrate the applicability of net-
work analysis to computational research of fictional narrative (e.g. detection 
of tension changes in the plot).
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1. Introduction

Over the last decades network analysis found successful applications to a great 
variety of fields ranging from sociology and political science to criminology and epi-
demiology. In recent years literary scholars, whose objects of study are also convert-
ible to vertices and edges, turned their attention to graph1 theory and started actively 
borrowing methods from social network analysis.

It has been shown that networks of fictional characters are similar to those of real 
social networks [Alberich et al., 2002] and share certain characteristics (e.g. power 

1 In this paper we treat ‘network’ and ‘graph’ as synonymous words both meaning ‘a set of ver-
tices connected by edges’.
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law distributions) with all other complex network types [Park, Kim, 2013]. Network 
theory allowed researchers to make novel observations about the composition and 
plot of literary pieces [Elson et al., 2010], [Moretti, 2011] and get new “insight into the 
roles of characters in the story” [Agarwal, Corvalan et al., 2012].

However, this ability to look at certain work of fiction from a different angle is not 
the only advantage of such graph-based formalization. Combined with various NLP-
related techniques for automatic network extraction (some of which are implemented 
in this study), network analysis also opens the doors to large-scale analysis of fiction. 
Such analysis, often referred to as ‘distant reading’ [Moretti, 2013], ‘scalable reading’ 
[Weitin, 2017] or ‘macroanalysis’ [Jockers, 2013], has been a point of heated debates 
in literary studies in recent years. The proponents of large-scale computational analy-
sis of literature claim that close reading and precise analysis of particular pre-selected 
texts, traditional for literary scholars of the past, can no longer be considered suf-
ficient for scientific research, as these approaches are only applicable to very narrow 
selections of works (usually the so-called canon, itself a very ill-defined and argu-
able concept). They suggest literary scholars should ‘learn how not to read’ the texts 
they study [Moretti, 2013] and ‘start counting, graphing, and mapping them instead’ 
[Moretti, 2007]. And although there is a fair share of criticism towards this approach, 
the fact remains that even a single literary movement in a single national literature 
usually generates more text than a single person can read, much less analyze, in his 
lifetime2.

2. Related work

There has been a number of research on extraction and exploration of fictional 
networks. [Agarwal, Kotalwar et al., 2013] extract social events, i.e. interactions 
between characters or perceptions of one character by another, form Carrol’s Alice 
in Wonderland; [Ardanuy, Sporleder, 2015] use networks to perform genre classifica-
tion of XIX century novels; [Lee, Yeung, 2012] investigate the structure of the Old Tes-
tament linking people to places thus creating spatio-personal networks; [Elson et al., 
2010] explore 60 British XIX century novels through conversational networks gener-
ated from dialogues of the characters. That latter work, presented at the ACL 2010 
conference, deserves a separate mention. Unlike many others, [Elson et al., 2010] 
do not limit themselves to network extraction and evaluation against some gold stan-
dard; their main goal is to use structural properties of networks to disprove an influ-
ential literary theory(hypothesis). The hypothesis claimed that ‘rural’ novels reflected 
typical social structure of a village with its close-knit community of people familiar 
to each other, whereas ‘urban’ novels demonstrated more complex social networks 
with several communities, lesser overall density and a plethora of ‘weak ties’; and that 
therefore the importance and amount of dialogue decreased as novels shifted from 
rural to urban settings after the industrial revolution. However, [Elson et al., 2010] 
did not find this to be the case.

2 For instance, it is estimated that Victorian novels alone make up a corpus of about 60,000 
texts [Moretti, 2013]
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In our investigation we also try to employ network parameters and network sta-
tistics as a means of testing a literary hypothesis. An additional motivation for our 
study was lack of literary network research made on Russian material, the only no-
table exception being [Bocharov, Bodrova, 2014]. That latter work, however, does not 
go beyond basic network extraction and evaluation, and its authors made no attempt 
to prove any literary theory or hypothesis.

3. Hypothesis and relevant network metrics

Much like [Elson et al., 2010], we chose to study the relation between the set-
tings in which the plot unfolds and the structural properties of the character network. 
However, in our case the main opposition was not ‘urban’ vs ‘rural’, but ‘war’ vs ‘peace’. 
This antithesis not only gave the novel its ever-famous title3, it is certainly among the 
pillars of the whole work. One of the most acclaimed Tolstoy scholars Boris Eikhen-
baum spoke of War and peace as a novel where “The Iliad” (i.e. war) must “follow the 
Odissey” (i.e. peace) [Eikhenbaum, 2009 (1931), p. 497]; notable American slavist 
Gary Saul Morson calls this the “central opposition” of the book and claims that “the 
salon and the battlefield represent the extremes of order and chaos — of ‘peace’ and 
‘war’ — in War and peace” [Morson, 1987, p. 97]. Note that Morson uses spatial set-
tings — salon and battlefield — as metonymic labels for the complex concepts of ‘war’ 
and ‘peace’; this indicates that spatial dynamics of narrative is the primary marker for 
switches between these two ‘extremes’. And indeed, chapters (главы) and even entire 
parts (части) of Tolstoy’s War and peace can be fairly easily subdivided into ‘peaceful’ 
and ‘wartime’ ones by simply looking at the space in which the plot unfolds.

This contrast between war and peace can be observed on many levels, among 
which the level (and intensity) of character interactions. It were changes at this level 
that we hoped to detect with network analysis. We had two reasons to believe that 
such interactions should be visibly influenced by settings:

1.  Research on dramatic texts shows that tragedies tend to have lower density 
of networks [Trilcke et al., 2015b], and a possible explanation for this is that 
tragic events need less verbal interaction and verbal space than, for instance, 
comic scenes; this could also be the case for ‘war’ and ‘peace’ split;

2.  Tolstoy’s ‘war narrative’ is very individualistic [Morson, 1987, p. 99], 
it is largely focused on the inner state of a single person on the battlefield 
(e.g. Andrey in the Austerlitz battle; Nikolay during the Battle of Schöngrab-
ern and the affair at Ostróvna, Pierre in Borodino).

Therefore our hypothesis was that there should be a strong correlation between 
the type of settings and certain standard network metrics which reflect the intensity 
of interactions. The metrics we propose are:

3 Supposedly influenced by Proudhon’s La Guerre et la Paix, see [Eikhenbaum, 2009 (1931), 
pp. 498–513]
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1.  network density, which is the ratio of the number of edges in a graph to the 
maximum possible number of edges in that graph (i.e. if each node was con-
nected to every other node).

2.  network diameter, which is the length of the longest path between one node 
and another in that network, measured as the number of edges. Can only 
be calculated if there is one single component in the graph.

3.  average degree of a node (weighted and unweighted), which is also among 
the metrics [Elson et al., 2010] use as it shows how many connections a node 
(i.e. a single character) has on average in this network.

For further information on metrics we suggest fundamental work by [Wasser-
man, 1994].

4. Networks Extraction

In literary networks nodes usually represent characters4, while edges (and their 
weights) define some sort of connection or interaction between them. To build a net-
work, one must first formalize this connection somehow. Below we list some of the 
most common formalizations:

1.  Character co-occurrence at certain length. We assume there is an edge be-
tween two character nodes if they appear together within the same sentence 
or paragraph or chapter or simply a text window of a given length. This is the 
most primitive and abstract formalization, which is nevertheless widely 
used due to its simplicity. The number of cooccurrences usually becomes the 
weight of an edge between the characters.

2.  Kinship, friendship or any other relations. Explicit mentions of relations in the 
text are usually quite sparse, and often it makes more sense to build such net-
works manually. The biggest drawback is that there are usually no weights 
on the edges, as the relations are mostly binary (relative or not, parent or not, 
spouse or not). Relation networks usually turn out relatively small and fine-
grained, thus limiting the applicability of network measurements.

3.  Conversational networks. The two characters are linked each time they en-
gage in a conversation with each other, and the number or length of such 
conversations becomes the weight of an edge. A more sophisticated subtype 
of this formalization extends beyond dialogue and accounts for other sorts 
of social events and interactions as well (one character seeing another, char-
acters engaging in a conflict etc.).

In our work we did not attempt to extract a complex conversational (or social 
events) network automatically, as this task requires very complicated processing of di-
alogues and identifying speakers and addressees, who are usually implicit rather than 

4 Though sometimes locations are also added as separate nodes, see for example [Lee, Yeung, 
2012]
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explicit in fiction (for example, [Hee et al., 2013] report that only about 25% of all 
speech utterances in Jane Austen feature an explicitly named speaker, while 15% 
have anaphoric reference to the speaker and the remaining 60% are just direct speech 
with no speaker mentioned at all). In addition to that, in Russian fiction speech in-
stances are often formally indistinguishable from narrative text, as there are no quo-
tations which could serve as formal boundaries. Given all that, we decided to markup 
interactions between characters in several dozen chapters of Tolstoy’s novel by hand 
(we only marked obvious interactions), and then used these handcrafted conversa-
tional networks to evaluate character graphs that we extracted automatically using 
much more simplistic formalizations of interaction.

Our first set of automatically extracted networks was built on simple co-occur-
rence of characters in the same sentence. For the second set of networks we tried 
our own approach based on syntactic structures. The two characters were linked 
by an edge if they were both syntactic arguments under the same predicate or ap-
peared as two conjuncts (we’ll further refer to them as ‘syntactic siblings’). It was 
our hope that this way we can filter out many ‘trashy’ connections inevitably made 
by plain co-occurrence, while still capturing many actual interactions and connec-
tions between characters, such as those expressed in examples below:

1) Обедало человек двадцать, в том числе Долохов и Денисов.
2) он [Николай] вызвал Наташу и спросил, что такое
3) Il faut que vous sachiez que c’est une femme, — сказал Андрей Пьеру.
4)  Это были Наташа с Соней и Петей, которые пришли наведаться, 

не встал ли.
5)  — Голубчик, Денисов! — взвизгнула Наташа, не помнившая себя от вос-

торга, подскочила к нему, обняла и поцеловала его.

For our experiments we created individual networks for each of the 361 chapter 
of the novel, as well as bigger and denser aggregated networks for the entire parts 
(a part in War and peace may contain from 12 to 39 chapters). Here is the example 
of the co-occurrence network for the second part of the first volume of the novel (node 
sizes proportional to their weighted degrees):

Figure 1. Сo-occurrence network for the second 
part of the first volume of War and peace
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Of course, before one can extract any kind of a network, character mentions 
themselves need to be identified throughout the text. This is a challenging task on its 
own, as it requires named entity recognition (NER), pronominal anaphora resolution 
and sophisticated nominal coreference resolution (CR). For this task we used a custom 
extraction model within ABBYY InfoExtractor framework [Stepanova et al., 2016]. 
This particular model was designed specifically for the task and had a list of War and 
peace character names and aliases. It is important to note that providing the extraction 
tool with character aliases is also a common practice in digital literary studies of this 
sort (see, for example, [He et al., 2013]), because so far, no universal NER or CR so-
lution or tool is capable of extracting and linking characters from a random novel 
with tolerable quality without prior adjustment. This, of course, raises the question 
of scalability, especially since earlier we claimed that network analysis can be part 
of a large-scale ‘distant reading’ approach. We made an attempt to address this issue 
in the Conclusion and discussion section of this paper.

5. Networks evaluation

5.1. Qualitative evaluation

Before we attempted any quantitative evaluation of the networks, we chose to vi-
sualize a number of them to see if they at least ‘make sense’ at the first sight to some-
one familiar with War and peace. Figures 2 and 3 demonstrate two automatically ex-
tracted networks for the entire first part (first 25 chapters) of the first volume of the 
novel. Here the size of a node is proportional to the weighted degree of that node, and 
the thickness of an edge reflects its weight, i.e. frequency of co-occurrences in the 
same sentence or under the same predicate respectively.

Figure 2. Co-occurrence network, first part of the first volume of War and peace
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Figure 3. ‘Syntactic siblings’ network, first part of the first volume of War and peace

To a naked eye, both networks look quite similar and seem a pretty adequate 
reflection of the character system in the first part of the novel. One can easily see that 
it is centered around Pierre, who appears first at the Anna Sherer’s soiree, and then 
becomes the center of intrigues of Vasili Kuragin and Anna Drubetskaya fighting over 
the legacy of Pierre’s father, count Kirill Bezukhov (and after Vasili Kuragin loses this 
battle, he strikes back by cajoling Pierre into marrying his daughter Helene). The Ros-
tov family is perfectly visible and, along with their Moscow nobility circle is visibly 
detached from the St.-Petersburg beau monde which makes up Sherer’s soirees. The 
coloring of the pictures actually reflects automatic modularity clustering made with 
help of Louvain algorithm [Blondel et al., 2010], and the meaningfulness of the clus-
ters (produced without any adjustments of the default resolution parameters) could 
also be a sign that the networks reflect certain information about the system of the 
characters. On Figure 2 one can see four automatically identified clusters:

1.  the orange one is mostly St.-Petersburg beau monde, which at this point in-
corporates Pierre, once he turns from a bastard to the new count Bezukhov;

2.  the purple one is mainly children and adolescents, the younger generation 
of Rostov family and Boris (who is, of course, a part of the “Rostov world” 
at this point in the plot, although already visibly leaning towards the beau 
monde cluster)

3.  the turquoise one is the Bolkonsky family, and also Hyppolyte due to his re-
peated attempts to flirt with Lise. Doing modularity clustering with higher 
resolution (lesser number of clusters) would connect Andrey, Lise and Hyp-
polyte to the beau monde as well (see Fig.4), while leaving Nikolay Bolkonsky 
and Mariya Bolkonskaya in their own Bald Hills (Лысые горы) cluster.

4.  the green one is the older generation of the Rostov family and their Moscow 
acquaintances. If we go for lesser clusters (Fig. 4), this one merges with the 
younger Rostov group.
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Figure 4. Co-occurrence network, first part of 
the first volume of War and peace

Unlike the “peaceful” first part of the first volume, its second part mainly takes 
place in the military settings, as the reader follows the experiences of Andrey Bol-
konsky at the army headquarters and of Nikolay Rostov in Denisov’s squadron. The 
networks here (Fig. 5, Fig. 6) are visibly different from Fig. 1–2, not only in their sets 
of characters, but also in size, density and structure:

Figure 5. Co-occurrence network, second part 
of the first volume of War and peace
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Figure 6. ‘Syntactic siblings’ network, second part 
of the first volume of War and peace

In section 4 of this paper we will try and measure these differences and find out 
if it occurs on a regular basis between ‘wartime’ and ‘peaceful’ parts of the novel.

The third part of the first volume is essentially a mixture of ‘war’ and ‘peace’ 
settings (see table 2 in the next section). Pierre spends time with the Kuragin family 
in St. Petersburg and eventually gets maneuvered into a marriage with Helene, prince 
Vasily and Anatole pay an unsuccessful visit to Bolkonsky family in the Bald Hills, 
while Andrey and Nikolay take part in the War of the Third Coalition and both fight 
in the Austerlitz battle. This heterogeneity and easily distinguishable spatial clusters 
of part 3 are clearly visible once we plot the graph (again, without any manual adjust-
ments) — see Fig. 7, Fig. 8.

Figure 7. ‘Syntactic siblings’ network, third part 
of the first volume of War and peace
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Figure 8. Co-occurrence network, third part of 
the first volume of War and peace

5.2. Quantitative evaluation

We cannot claim that our automatically extracted networks are ‘meaningful’ and 
accurately reflect the interactions of characters just because they look like it at the 
first sight. Therefore we also evaluate them against manually constructed interaction 
networks for several dozen chapters of War and peace (handcrafted networks avail-
able at https://github.com/DanilSko/tolstoy/tree/master/Networks/WaP_interac-
tions). Using Pearson correlation coefficient, we checked which network has more 
correlation in structural properties to the manually created one across all the chap-
ters. As the results in Table 1 suggest, our ’Syntactic siblings’ network outperforms the 
standard co-occurrence one (the latter in fact has negative correlation in some cases).

table 1. Correlation of network parameters

Parameter
Correlation with 
co‑occurrence network

Correlation with ‘syntactic 
siblings’ network

Density −0.126 0.840
Diameter −0.456 0.219
Average degree 0.748 0.923

6. War or peace: testing the hypothesis

As the results of our evaluation suggest, the ‘syntactic siblings’ network is a much 
closer approximation of character interaction in a novel than the standard co-occur-
rence network. Now that we have chosen the method of network extraction, we can 
finally use it to test our hypothesis. As mentioned above, the idea was to look for cor-
relations between certain parameters of the network and see if they correlate to the 
kind of settings (army/battlefield or peaceful environments, such as family or high 
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society). We manually classified all 15 parts (excluding the epilogue, which is largely 
a philosophical essay) of the novel into ‘war’ (0), ‘peace’ (1) and ‘a mixture of both’ 
(0.5). The results of this classification are shown in the Table 2:

table 2. Manual classification of ‘wartime’ and 
‘peaceful’ parts of Tolstoy’s War and peace

Volume 1 1 1 2 2 2 2 2 3 3 3 4 4 4 4
Part 1 2 3 1 2 3 4 5 1 2 3 1 2 3 4
Peace/
War

1 0 0.5 1 1 1 1 1 0 0 0 0.5 0 0 0

Table 3 shows the parameters of the ‘syntactic siblings’ network for each part.

table 3. Parameters of the ‘syntactic siblings’ 
network for each part of the novel

Volume 1 1 1 2 2 2 2 2 3 3 3 4 4 4 4
Part 1 2 3 1 2 3 4 5 1 2 3 1 2 3 4
Peace/
War 1 0 0,5 1 1 1 1 1 0 0 0 0,5 0 0 0

Density 0.15 0.16 0.11 0.31 0.25 0.24 0.36 0.21 0.17 0.13 0.13 0.13 0.14 0.18 0.18
Average 
degree 3.85 2.38 2.64 4.00 2.55 2.67 2.50 3.29 2.00 2.57 2.32 2.00 1.50 1.60 1.60

Average 
weighted 
degree

11.41 5.63 7.44 12.86 7.82 6.50 13.00 10.35 5.38 4.76 4.42 3.88 1.67 9.40 5.00

Now we can calculate correlations between the parameters of the ‘syntactic sib-
lings’ networks extracted from for each part of the novel and the corresponding ‘war 
or peace’ value. Table 3 shows the resulting Pearson correlation coefficients.

table 4. Pearson correlation coefficients between “syntactic 
siblings” network parameters (first column) and numeric ‘war 
or peace’ value we assigned to each part. Positive coefficient 
means the parameter is statistically higher in ‘peaceful’ parts

Parameter Correlation with ‘war or peace’ value

Density 0.650
Diameter −0.533
Average degree 0.730
Average weighted degree 0.714

As we can see from Table 4, all parameters have statistically significant correlation 
with our ‘war or peace’ target value. Density of the network and its average weighted 
and unweighted degrees have strong positive correlation with ‘peace’, quite as our hy-
pothesis predicted. Diameter has a moderate negative correlation with the value, which 
means that networks with bigger diameter are more likely to be in ‘war’-labeled parts.
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7. Beyond ‘War/peace’ antithesis: more 
prospects for network‑based research
The networks we present in this paper were originally created to calculate certain 

metrics and try to get a quantitative ground for a specific hypothesis. However, they can 
be used as a novel data-driven model for other research concerning individual charac-
ters and their relations to each other in War and peace. Some prospects for such research 
are already foreseeable from the data and visualizations we already have. They are:

•	 Shifts of the point of view (POV) from one character to another. This is an espe-
cially important dimension in research on War and peace, as its Tolstoy’s trademark 
technique to show the unfolding events through the eyes and minds of different, 
constantly shifting characters [Uspensky, 1983], [Bocharov, 1971]. Nodes in the 
graphs have different sorts of degree and centrality measures which can be used 
to study he POV changes. Even if we compare our sample graphs for the three 
parts of the first volume of the (figures 2–8, node sizes proportional to weighted 
degree), we can see that the central position — and supposedly reader’s main 
viewpoint — is taken first by Pierre, then by Andrey and finally by earlier unim-
portant Nikolay. Unweighted degree and betweenness centrality of nodes show 
similar results. Such degree and centrality changes align well with the fact that 
War and peace, when read for the first time by the contemporaries, was often ini-
tially perceived as “a novel without main heroes” [Morson, 1987, p.57]. In our 
networks Natasha becomes central no earlier than the second volume.

•	 Character groupings. Family unions (the Rostovs, the Bolkonskys, the Kuragins) 
with all the relations, contrasts and conflicts between them play an extremely 
important role in War and peace [Bocharov, 1971]5. Relevant to this is the spa-
tial opposition of Moscow vs St. Petersburg circles in ‘peaceful’ parts and army 
vs high command in ‘war’ parts. Without any manual adjustments, our graphs 
obviously cluster into these groupings (see figures 2–8 again).

8. Conclusion and discussion

We tested two rather simplistic methods for relatively ‘low-cost’ automatic network 
extraction from fictional texts and found that the approach based on syntactic struc-
tures yields results much closer to manually annotated character interaction networks.

We then used this approach to extract networks from each part of Tolstoy’s War and 
peace and test our literary hypothesis. The hypothesis was that ‘wartime’ parts contain 
less intensive interaction, which can be approximated by lesser graph densities and aver-
age node degrees, as well as bigger diameters. Although all our measurements support 
the hypothesis, we suggest further, more substantial research before any firm arguments 
can be made in relation to the composition of the book and authorial techniques behind it.

Apart from this attempt to quantify the differences between ‘war’ and ‘peace’ 
in Tolstoy’s novel, our research has revealed other potential applications of network 

5 “In War and peace family unions, the ‘breed’ of the character matter a lot. In fact, the Bolkonskys 
and the Rostovs are more than families — they are separate modes of life” [Bocharov, 1971]
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analysis. Namely, we showed that the networks we created could provide insight 
on POV changes in the narrative and on character groupings and relations.

Another thing that calls for further investigation is the scalability of the ap-
proach. One may point out that if a quantitative method is being applied to just one 
text, however big it is, such method cannot yet be considered successful. But while 
we admit certain amount of manual work6, there are two arguments for the general 
applicability of the approach:

1.  There are no fundamental barriers for automating the whole procedure via 
building and adjusting NER and coreference resolution tools. The fact that 
state-of-the-art NER/IE/CR applications do not allow seamless transition 
to XIX century fiction does not imply these texts cannot be handled on a large 
scale in the nearest future. 

2.  As more and more semantically and structurally marked digital editions 
emerge, digital literary scholars eventually become spared from the neces-
sity to process texts with sophisticated NLP machinery. One example is the 
TEI-encoded corpus of German dramatic texts used by [Trilcke et al., 2015a] 
for their large-scale (500 texts) network analysis. The XML markup with all 
the speakers tagged and identified allows easy and reproducible network 
creation on the go. Currently similar efforts are being made to prepare a TEI 
edition of Leo Tolstoy’s complete works [Skorinkin, 2017]. 
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