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Abstract. In this paper we describe the construction methodology of a network
of natural terms hierarchy on the base of the subject arrays of news texts. The
proposed method is illustrated using automatic processing of the full texts of the
articles about the Euromaidan events in Kiev.

1 Introduction

Constructing a large domain-specific ontology is a challenging problem. The on-
tology development process includes such a task as terms learning, but the problem of
effective unsupervised terms learning is unsolved, and the problem of the links identi-
fication and automatic network construction is also still open.

Another important task is the formal estimation of the number of new topics in data
streams. Appearance of new topics naturally causes appearance of the series of terms
marking new themes. A linguist dealing with news texts has to know the specifics of
different segments of media data streams. Particularly, sometimes one can correlate
separate news topics with the subjects of whole data flows using lexical features.

In this paper we propose an approach to the construction of a terminological basis
for interrelated events, which are described in the messages of electronic media, and
for separate subjects of data flows for a certain time period. We also consider some
principles of making a language network on the base of the selected terms. Correla-
tion of unit message terminology with general subject terminology can be considered
as a formal criterion of event relevance to the considered subject area (sequence of
events).

The problems of events modeling and analyzing their perception by the informants
have been an object of many recent studies [0]. Unsupervised terms extraction task is
also widely addressed by the researchers. Terms extraction methods are either statis-
tics-based (e.g., clustering [0]), or use fine-grained linguistic analysis (e.g., depend-
ency parsing [0]). Some researchers also employ external sources of knowledge like
Wikipedia or Wordnet [0]. Our method is statistics-based. It is fast and language in-
dependent and does not demand any linguistic resources.
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2 Data

The data for our research consists of news reports about the confrontation in Kiev
in 2013-2014, which was caused by so-called Euromaidan. We collected more than
200 thousand of news reports from RuNet web sites during the period from November
2013 till March 2014.

First of all, it is necessary to choose a text corpus for the further analysis. To col-
lect the data for our research, we use “InfoStream” — a system of content monitoring.
To retrieve the news reports which are relevant to the subject area we make the fol-
lowing request:

(maydan|euromaidan) & ( beat|dispersal|storm|
berkut|molotov|titushk|was killed) & lang.RUS.

The collected corpus consists of more than 200 thousand of news reports. On the base
of the corpus the dynamics of subject reports should be identified. The mode «Dy-
namics of events» in the system of content monitoring «InfoStream» allows getting
information about the number of published articles which are relevant to the request
for a certain time period. This information is presented in the form of a plot (see
Fig. 1).

&b MoHaTUA B AUHaMKUKe :
+ (mangaH | eepomangan) & (m3buen | pasrod | wrypm | GepkyT | TUTYWK | noru6) & pyccknit A3bik
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Fig. 1. Dynamics of the number of publications which are relevant to the request

The time dynamics data is normalized for each day, and time series is built. Each
relative frequency value in this series equals the ratio of the number of subject reports
per day to the number of all the reports per day. It allows us to ignore weekly perio-
dicity in the number of subject reports.

After we get the information about publications dynamics, the critical points
should be identified. These critical points are the local maxima of time series in the
dynamics of publications [3].

On the base of these results three dates were chosen (2013.11.30, 2014.01.22,
2014.02.19) as critical points for the sequence of events under consideration.
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After the critical points are selected, it is necessary to extract the main sequences
of subject reports which are relevant to the request for the necessary dates (see Fig. 2).
It is also done via the system of content monitoring.

2013.11.30: Pazron neMoHcTpaHTOB Ha Maiinane

¢+ A3apoB CYMTAEeT pa3roH AeMOHCTPaHTOB Ha Manpgaxe B Knese B VR Finiapo o Tt R o
npoBoKaunen LUSBHEHKOBC KON PANOTIENE MITIILIA St
MpeMoepAmmicTD Yipaimisl HONal AJapo8 CWITAET DANOH JEMOHCTPAMTOR w3 Maijawe =
Heaane:ocTi 8 Kitede NpoBOKIUMeN i OCEWAET 4TO CHTYALNA OYAST TWATENsHM OCPAIOM  ggq3, 11,30 20:69 FAHYKOBHM NPVIKAIAN EHTIPOKYDATYDE HAKAIETS BHHOBHLIL B PANOHE
paccnegoeana Of 3TOM YHIAH COOGUMN NPECC-CERDETaD: NDEMEER-UMMACTDE BUTamiy EBpOManaama Kopssense wipd
Myesanenso TIOMLIA TPEMLEPA SAKUCHAETCA § TOM 9TO HEOOMOZIMO MDOBECTH § CRATSE
00K TIHATENEHOE i O EEITHEMOS DACCNEASEANINE |1 AR 3TOTC CO33AMA CREDATHENG-

2014.01.22: IlItypMm Ha ya. I'pymeBckoro

B uenTp Knesa cTaruBaior Gpoetexiky . 2014.01.22 13:11 "SepxyT’ pasorian npoTecTyIOWK Ha TRYIEECHOTO. B UeHTpe Xuesa
KVMEB 22 AdEapn. B LeHTPe Ki€S3 COCPEDTAMMENOTCA KEYMHuE CHME GOMILOS ERYTDEHHIX Prrinay ey
BOMCK MBIl VIBECTHO, ¥TO K CTaRNOHY "THHAMO'. (3¢ COBPaNICs NPOTECTYIOUpIE. NPUCLIN STP are
3HRMATENSHOE HOMIMECTEO CHMOBHKOB CTOAT DANAMA. NDWDLEWNCH WHTAWH, MeEperopoans
yoMyy TOyWweBCKOrD Nepepder ViNTEDQAst-ypamsa' 22 AHEADA & Kuese npomownn  2014.01.22 23:68 B Kuepe 00bAENEN 8aKYaUMA Fimmikone
OYEDENSIE CTOMHOBEHHA DAIHKANSHOR OTNOMLYM ¢ MHIMILIMER

2014.02.19: llltypM npaBHTeILCTBEHHOIO KBapTaaa

' KpﬂBaEBﬂ HOub B Kuese: croxer ni ﬂHyKOBH‘l yAepxaTe 2014.02.19 14:51 1P il 0ONCIMUIA FOTOBS NPOBECTH I<C TPEMHOE JACENAHHE NADNAMENTA
BnacTe? HOBOCTI Bigmumet

CITYAUING HA YDANKE B MTEPSSIO HA "MSIHARAK" OLEMNSARKIT BEAYUNIE YXOMMICHHE ICNEETHI —

NOHEMY YHPAAHA HE V3PAWNSD MusyBiwed #ovolo § CTOMIUE HUEE3 SANOTERYWAA HDAMB  pg14,02 19 23:58 Vipauna Ha KPAK NPONACTH il 8 TPaype Ewenssssm:
NepALNa B TDAMGQWMC B COAX MeZy CHNOBINGAMM W CTOPOWMMKAMA MAAZAN3 nofmtAM no

WeHsLel] Liepe 36 YEROBeX. i3 KOTODSX 25 - BITHBICTS! DTN 3 11 - WUTALHONEDS

Fig. 2. Main subject concatenations for necessary dates

3 Construction method of Network of Natural Term Hierarchy

3.1  Extraction of Terms for Ontology

For the further analysis we build three corpora from the reports. Each corpus corre-
sponds to one of the three found critical points; lexical features of each corpus are the
objects of monitoring.

Preprocessing of these corpora includes division of text into fragments (separate
reports, paragraphs, sentences, words, bigrams, and trigrams), deletion of analpha-
betical symbols and cutting off inflections — stemming (this is an option).

Then each term from the text (unigram, bigram or trigram) receives an estimation
of its «discriminant powery, represented by TF-IDF. The preliminary technique de-
scription was published in [12].

3.2  Construction of Terms Hierarchy

The process of network constructing is based on using semantically important text
clements. To identify these elements in the text one can use methods described in [0],
[0] and [0]. An advantage of a network built on the base of important text elements,
pivot words and words combinations is that such a network embraces separate knowl-
edge domains.

Extracting of the terms for a network is done using the feature based on the dis-
criminant power of words. Nevertheless one should remember that this feature cannot
guarantee high quality of ontology. Most frequent words from the chosen subject
area, which have low discriminant power (for example, the words “Ukraine”, “Mai-
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dan”, “Protest” in the news corpus about Euromaidan in Kiev) could be the most im-
portant ones for the network construction.

The content of the corpora is the base of the future network. In this work we con-
sider a natural network. We call the network natural due to the fact that its construc-
tion does not include any special methods of semantic analysis (including part of
speech tagging). All the relations in this network are determined by the positions of
the words and word combinations, which are extracted from the texts of statistically
significant size. Terms hierarchy which is built completely automatically is the base
for the further automatic ontology construction with experts.

In our work we propose a method of constructing terms hierarchy which includes
the construction of a compactified horizontal visibility graph (CHVG) and terms
weights recalculation (for unigrams, bigrams and trigrams) [0].

Language network is built in three stages using the CHVG algorithm.

1. In the first stage nodes sequence is marked on the horizontal axis. Each node
corresponds to the word in the order it appears in the text. On the vertical axis TF-IDF
weights are put. Vertical lines are drawn between these TF-IDF values and their pro-
jections on the x-axis.

2. In the second stage a traditional horizontal visibility graph is built [0]. An edge
is drawn between every two nodes if these nodes are in “direct visibility”. “Direct
visibility” of the nodes means that they can be connected by a horizontal line which
does not intersect any vertical line in the plot.

3. In the third stage we merge the nodes with the same words. The edges of such
nodes are also merged. Such procedure is called graph compactification. Node
weights are recalculated. TF-IDF values are replaced with the corresponding node
degrees in CHVG. Finally, the terms are sorted according to their new CHVG weights
in descending order. Stop words are excluded from further analysis. In this paper a list
of stop words is formed using following web-resources:
https://code.google.com/p/stop-words/downloads/list,
http://www.ranks.nl/stopwords/, http://www.textfixer.com/resources/common-
english-words.txt.

Experts estimate the size of the network (let us denote it by N). Then N unigrams,
N bigrams and N trigrams with the largest CHVG weights are selected. The network
is constructed using the obtained terms. In this network nodes identify terms and links
represent part-whole relations between the terms. Fig. 3 presents an example of the
terms hierarchy construction. Different geometric figures denote different words in
Fig. 3. Unigrams are grouped in the first column, while bigrams and trigrams are in
the second and third columns respectively. If a unigram belongs to some bigram, or a
bigram is a part of some trigram, an arrow is drawn between them (denoting a part-
whole relation). The set of terms together with the links between them forms a three-
level Natural Network of Terms Hierarchy [0], [12].
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Fig. 3. Relations construction in a three-level hierarchy

3.3  Visualization of Network of Natural Term Hierarchy

We select top-20 Euromaidan terms (unigrams, bigrams and trigrams) with the
largest CHVG weights to visualize the network we build. These terms are presented
in Table 1.

Table 1. Top-20 Euromaidan terms with the largest CHVG weights

Unigram Bigram Trigram
. Bukrop SnykoBu4 /Viktornpesunenr  Buktop  SHykoBmu
Vipanna /Ukraine/ Yanukovych/ /President Viktor Yanukovych/
COTPYJHUKH IPABOOXPAHHUTEIBHBIX
Kues /Kiev/ nentp Kuesa /Centre of Kiev/ opranoB / law enforcement officials
/
BBEJICHUE Ype3BbIYAIHOTO
BiacThb /Power/ BepxoBHas Pana /Verkhovna Rada/ nonoxenuns /Introduction of state of
emergency/
ymuna  ['pymesckoro /Grushevskogo O6aTpkuBuimHa ApceHuit  SneHiok
ctpana /State/ Street/ /Batkivshina Arseniy Yatsenyuk/
SHyKkoBUY npe3ugeHT Ykpaunsl /President of Onummnuiickue UIpbl Coun
/Y anukovych/ Ukraine/ /Olympic Games Sochi/

. . I'maBa AIMUHHCTpaIun
Maiigan Hesasucumoctu /Maidan Ne- A palt

Maiinan /Maidan/ zavisimosti (Independence Square) / Hpe;ngeHTg /Head of presidential
administration/
mronu /People/ naptust pernoHoB /The party of regions/ bpakuus napriu - peruonos /The

party of regions fraction/
mrad HAIMOHAJIBHOTO

mununust /Police/  mpecc-ciyx6a /Press centre/ . .
conporusieHus /National resistance
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Unigram Bigram Trigram
headquarters/
" . neiictBue Omaromartu  IlpecsiToit
Bepkyt /Berkut/  Apcennii Suentok /Arseniy Yatsenyuk/ /Holy Grace effect/
OIIO3HULUS Muxaiinosckas [Inomane Maiinan ~ Hesanexnoctu  Kues
/Opposition/ /Mikhailovskaya Square/ /Maidan Nezalezhnosti Kiev /
MPE3UICHT auaepsl onmosuimu /Opposition lead-crpanuipl  conmanbHBIX  ceTei
/President/ ers/ /Social network pages/
Suentok / Yat-pasron  EBpomaiimana /Euromaidan VIAP Burammii Knmmuko /UDAR
senyuk/ dispersal/ Vitali Klitschko/
YKpauHCKHN o0bsBIeHHE TepeMupHus /Armistice T epmass Ppanus
TUkrainian/ announcement/ Benuko6puranus /Germany France
UK/
EBpomaiinan N [P yauna I'pymesckoro Kues
/Euromaidan/ Buramii Ko /Vitali Klitschko/ /Grushevskogo Street Kiev/
Maiinan ~ Hesanexxnoctn ~ /Maidanoduc maptuu pernonos /Office of
wrrypm /Attack/ Nezalezhnosti / the party of regions/
axrs /Act/ akiust mpotecta /Act of protest/ MixaHiobckai — IUIOMIafb  KUCB

/Mikhailovskaya Square Kiev/
CWJIOBOM  pasroH  eBpoMaiijjaHa
/Military dispersal of Euromaidan/
OepKyT BHYTpeHHHE Boiicka /Berkut
the internal troops/

MBJI /Ministry ofmpaBooxpaHuTensHble opranel /Lawmnpembep HUKOMAH azapoB /Premiere
Internal Affairs/  machinery/ Mykola Azarov/

MUpHas akius nporecta /Peaceful
protest act/

3nanue /Building/ mpassriit cextop /Right Sector/

akTHBHCT /Activist/ orHecTpenbHOe opyxue /Firearms/

wiomans /Square/ mTypM 3aunctka /Attack cleanup/

. . 3/1aHUE BEPXOBHOM pazabl
yimna /Street/ mTypM Maiinana /Attack of Maidan/ /Verkhovna Rada building/
['pymesckoro BHyTpeHHHE Boicka /The internal3akonHas BJIACTh Ykpausbl
/Grushevskogo/  troops/ /Ukraine’s legitimate government/

munep maptun YJIAP /Leader of
munep /Leader/ npumenenue cuisl /Use of force/ UDAR party/

Finally when the terms hierarchy network is constructed, we visualize it using
Gephi tool (https://gephi.org). To load the network into a database we represent it by
an incidence matrix in “.csv” format.

4 Results

To illustrate the final network we present a small fragment of 20 terms (20+20+20
in total) in Fig. 4.

It can be noticed that the words in large print (Kues / Kiev, npesunenr / president,
Maiinan / Maidan) in Fig. 4 are the topmost terms from Table 1. These words repre-
sent the nodes with the highest weights. Unigram nodes are connected with bigram
and trigram nodes, and bigram nodes are connected with trigram ones. Arc thickness
is proportional to the joint frequency of the terms (i.e., n-grams) it unites.
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Fig. 4. Euromaidan Natural Network of Terms Hierarchy example (20+20+20)

We should also consider a larger Euromaidan network fragment (200+200+200),
which is presented in Fig. 5. In Fig. 5 it can be seen that in spite of the large density of
this fragment the terms “Kues” / Kiev and “Maiinman” / Maidan remain in large print.
Meanwhile the unigram “TIpesunent” / President is replaced by the term “bepxyt” /
Berkut. It can be explained by the fact that the unigram “bepkyt” / Berkut has higher
weight than “Ilpesunent” / President.

After experimenting with networks of different sizes we deduced that node degree
distribution (for outgoing links only) follows power law ( p(k) = Ck®). It means that

such networks are scale-free (see Fig. 4). Power coefficient o varies from 2.1 to 2.3
for networks of different sizes (e.g., from 20+20+20 to 500+500+500) that in general
complies with Language Networks structure [0].
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Fig. 5. Larger network fragment (200+200+200) visualized using Gephi

It also turned out that according to the proposed algorithm one node can have 5 in-
going links at most (for the network in our example, see Fig. 4). Single words (uni-
grams) have 0 ingoing links, bigrams — 2 ingoing links at most and trigrams — 5 ingo-
ing links at most (with 3 links inherited from each word of a trigram and other 2 in-
herited from the two bigrams a trigram consists of). Top-20 nodes with the largest
ingoing degrees for the 200+200+200 network of natural terms hierarchy are pre-
sented in Table 2.

Table 2. Top-20 nodes with the largest ingoing degree

Outgoing Node

degree

5 y4YacTHHKH akiuu rporecra /Protest act participants/

5 ynuna ['pymiesckoro Kues /Grushevskogo Street Kiev/

5 (npesuzent) Ykpanmubl Bukrtop SnykoBuu /(President of) Ukraine Viktor
Yanukovych/

cuioBoi pasron EBpomaiinana /Military dispersal of Euromaidan/

MUpHas akius nporecta /Peaceful protest act/

riaBa agMuHUCTpanun npesuaeHTa /Head of presidential administration/
(pakums maprun perrnonoB /The party of regions fraction/

Ooiimel cnienmopasaenenus bepkyt /Berkut special units/

barpkuBmnaa Apcennit Sluenrok /Batkivshina Arseniy Yatsenyuk/
aamuHUCcTpanus npesunenta Ykpanusl /Ukrainian Presidential administration/
3nanue BepxosHoit Paset /Verkhovna Rada building/

3nanus nentpa Kuesa /Buildings of the centre of Kiev/

Bepxosnast Pana Ykpaunst /Verkhovna Rada of Ukraine/

YJIAP Buranuii Knmuuko /UDAR Vitali Klitschko/

COTpYAHUKH cnenmnoapasaeieHus bepkyr /Berkut officers/

COTPYAHUKH MTPaBOOXPAHUTEIBHBIX opraHoB /Law machinery officers/
CHIIOBOH pasron mutHHTyromux /Military dispersal of meeting participants/
nonuTHaeckuit kpu3uc Ykpauna /Political crisis Ukraine/

npumMeHeHue crtsl croporamu /Use of force by the parties/

npecc-ciy:xk6a MBJI /Press centre of Ministry of Internal Affairs/

B T TR T S S S S S O, I O BV IR R L B V)
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The nodes with the largest ingoing degree are also semantically the most important
ones. They include the following word combinations: “y4yacTHuKM akuuu mporecra”
/Protest act participants/; “ynwma ['pymeckoro Kues” /Grushevskogo Street Kiev/;
“cumoBoit pa3ron EBpomaiimana” /Military dispersal of Euromaidan/; “mupHas akmus
mpotecta” /Peaceful protest act/; “Ooitel crentmoapasnenenust bepkyt” /Berkut spe-
cial units/.

CHVG values are calculated for single subjects as well, and the network is con-
structed for them. In Fig. 6 three network examples are shown. Their interrelation
network is given in Fig. 7.

Our assumptions regarding the importance of the selected events for network con-
structing were confirmed during the experiments with informants. Each informant
was given a standard instruction: “Remember the recent events in the world. Write
down 10-15 words which are best to describe these events”. More than 40 informants
were questioned [11].

In Table 3 the results of the experiments with informants are shown. In spite of the
fact that the informants were not asked to describe the events in Ukraine, the majority
of them still speak about the Euromaidan events.

Table 3. Significance of the selected events (results of public opinion poll)

% Events. Informants under 30 ages % Events. Informants of 30 ages and older

The joining of Crimea to the Rus-
sian Federation 58
24 Disturbances in Maidan

18 Olympic Games in Sochi 40 Disturbances in Maidan

Excellent results of the Russian33 Referendum in Crime

team in the Winter Olympic Games, Excellent results of the Russian team in Winter
Referendum in Crimea, Sanctions Olympic Games

against Russia, Civil war in Ukraine 20 Civil war in Ukraine, Sanctions against Russia

M ¢ eivili . . o 4 . . .
12 urders - of - civilian residents in 13 Murders of civilian residents in Ukraine, War in

Ukraine the East of Ukraine

39 Winter Olympic Games in Sochi (Russia), the

joining of Crimea to the Russian Federation

Escape of Yanukovich from the country, Begin-
ning of combat operations in the Donets republic,
Revolution in Ukraine, Deceitful propaganda in
Russian media, Little green men in Crimea, Crisis
in Ukraine

Beginning of combat operations in
8 the Donetsk republic, Escape of§
Yanukovich from the country

It is important to note that all the informants were divided into two groups accord-
ing to their age. People of older age turn out to be quite critical while estimating the
events of Euromaidan. On the other hand, one can find a large number of appraisal
words in the answers of the younger group.

To confirm that the keywords and word combinations which we got as terms dur-
ing the process of network construction are really semantically important for our
theme we conducted another experiment with informants. We asked them to define
the subject which these keywords can be connected with.
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There were 7 informants in total and all of them were sure that these keywords
were extracted from the texts about the events of Euromaidan in Kiev.

Such high level of agreement is caused by the high subject homogeneity of the
corpus which we chose to analyze. In fact, all the texts within the corpus describe the
same event.

In Fig. 7 it is shown that a set of terms corresponds to each subject (a node identi-
fied with a date). The terms which take place on several different dates can be seen in
the central part of the network while those which are more specific appear at the pe-

riphery.
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Fig. 6. Euromaidan  network
(20+20+20) (a — 2013.11.30, b -
2014.01.22, ¢ — 2014.02.19)
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Central zone does not necessarily include all the terms from all the subjects — it is
enough to include some portion of a subject’s terms, ¢.g., one half. The more terms
the central zone of a subject includes, the closer its content is to the main events trend,
and the more relevant it is. In our example the “2014.01.22” node is the most relevant

to the general events trend (see Fig. 7).
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Fig. 7. Euromaidan terms interrelations for the three chosen dates

We also propose a linguistic criterion of subject relevance: the more terms of a pa-
per are in the central zone of the term interrelation network the more relevant this
subject is to the general events theme. In other words, subject relevance is propor-
tional to the number of its terms in the central zone of the term interrelation network.

5 Conclusion

As aresult of the research:
— an algorithm of constructing a network of natural terms hierarchy based on corpus
analysis is proposed;
— the algorithm is illustrated with the examples of a Euromaidan-related network;
— network of natural terms hierarchy appears to be scale-free while considering out-
going links;
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— programming tools for visualization of a network of natural terms hierarchy are
introduced;

— the criterion of subject relevance to the event is proposed;

— the verification of this criterion according to the informants opinion is proposed.

Language network, constructed according to the proposed method, can be used as
1) a basis for ontology construction (e.g., for Ukrainian acts of protest theme), 2) a
tool for database navigation and 3) a tool for organizing user prompts in information
retrieval systems.

Our future work includes constructing networks on the base of a less homogeneous
corpus. We are already working on the improvement of the estimation of our results,
involving more informants with more complex stratification (country, region, profes-
sion and so on).
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