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Abstract. The paper discusses development of a corpus of Russian posts with
hash tags based on Pikabu social network. We developed a balanced and repre-
sentative corpus as regards the impact of certain authors, the amount and size of
their posts. Our study is aimed at the development of probabilistic topic models
revealing the authors’ interests and preferences, as well as correlation of topics
within the corpus. We performed a series of experiments including standard
LDA topic modelling and Author-Topic modelling. In course of topic model-
ling we used algorithms from Python libraries. Experiments allowed to extract
groups of authors with similar and related interests. We used topic label assignment
based on manually introduced hash tags and labels automatically extracted from the
lexical database RuWordNet. That facilitates linguistic interpretation of results.
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Introduction

Information environment gradually penetrated into our daily life, and the growth of
network devices gave rise to a peculiar virtual world with its own rules of digital dis-
course. Communication within the virtual world is governed by technical equipment
of «speakers» and «listeners», the texts created by the digital discourse exhibit the
features of various types and forms of speech, the roles of «speakers» and «listeners»
turn out to be diversified, communication in itself becomes spectacular, it requires
reinforcement by visual content. Therefore, the study of digital discourse should com-
bine methods of cognitive linguistics, content analysis, computational linguistics,
sociology and adjacent fields of knowledge.

At present the attention of computational linguists and sociologists is focused on
multilevel analysis of social media texts, the core tasks to be solved in empirical stud-
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ies being author profiling [1, 2, 3] and topical analysis of online communities [4, 5,
6]. These tasks require corpora collection from web-sources and software elaboration.
Proper linguistic processing of social media corpora opens wide opportunities for
studies of social opinion and Russian web discourse, cf. recent publications of
E. Koltsova and colleagues, LINIS HSE [4] and SCILA [5]; T. Litvinova and col-
leagues, RusProfiling Lab [6]; S.Bodrunova, I.Blekanov and colleagues, Web-
Metrics Research group, SPbSU [7], etc.

Our present study is devoted to the creation and processing of the social media
corpus containing posts of various authors from the social network Pikabu [8] which
has not been properly investigated. Pikabu is a Russian language community founded
in 2009 which is considered as an elaborated analogue to Reddit [9]. The rise of atten-
tion to Pikabu was caused by the famous meme Zhdun which flooded social media in
2017. The attractiveness of Pikabu as a source of linguistic data is explained by the
medium size of posts (they are not so brief as in Twitter) and by the abundance of the
users’ hash tags indicating the subject matter of the posts.

Most corpora developed for Russian social networks use Twitter, LiveJournal, Fa-
cebook, VKontakte as sources of textual data, e.g., Taiga social network segment
[10], GICR [11], Twitter sentiment corpus [12] and the like. Such social media corpo-
ra are used for elaboration and evaluation for NLP algorithms, models and tools, cf.
Dialogue Evaluation Competition [13]. Social media provide a huge platform for
studying topics, opinions, discourse structure of web-communication, that requires
corpus-based linguistic resources: lexical databases, sentiment lexicons, formal ontol-
ogies, etc. Nowadays predictive distributed word representations are in great demand
for text classification, collocation and construction analysis, that’s why research
community welcomes access to word2vec embedding models pretrained on various
text corpora, and social media corpora as well (cf. RusVectorés [14]). In the previous
work we described and evaluated word2vec models for Pikabu [15] which prove to be
useful for further studies of the given source.

In course of experiments we process a newly developed dataset of the Russian Pik-
abu corpus by means of state-of-the-art algorithms and NLP tools. That gives us the
opportunity to form a baseline for further elaboration of our methodology. For the
first time we carry out experiments on author-topic modelling of the corpus and ob-
tain data on thematic coherence of posts and on authors’ covert clusters. The novelty
of our study consists in thorough linguistic interpretation of topic models strengthened
by topic label assignment which takes into account hash tags introduced by the au-
thors as well as labels automatically extracted from RuWordNet [16] lexical database.
Thereby, our research fills in the gaps existing in contemporary Russian corpus lin-
guistics and social media analysis.

1 Topic Modelling

In recent years we witness the rise of interest in the development and application of
topic modelling as a research procedure for data mining and content analysis [17, 18,
19]. In fact, topic modelling is a variety of fuzzy clustering performed for words
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and documents, latent semantic relations within a corpus in this case being described
in terms of a family of probability distributions over a set of topics [20, 21, 22].

Early versions of topic models were based on algebraic transformations, e.g. clas-
sical Vector Space Model (VSM) and Latent Semantic Analysis (LSA), which take
into account term-document distribution, term co-occurrence frequency, and may be
expanded with dimensionality reduction techniques, e.g. Singular Value Decomposi-
tion (SVM). Gradually these models gave way to probabilistic topic models, the most
notable of them being Probabilistic Latent Semantic Analysis (PLSA), Latent Di-
richlet Allocation (LDA), Expectation-Maximization (EM) Algorithm, etc.

Probabilistic topic models are based on the assumptions that ordering of words
within documents and documents within a corpus may be ignored; frequent and rare
words do not affect the quality of the topic model; a topic t should be considered as a
discrete distribution over a set of words w, and a separate document d as a discrete
distribution over a set of topics t; the occurrence of words in a document d is deter-
mined by a particular distribution p(w]t).

In our study we use a topic model which is based on Latent Dirichlet Allocation,
our choice is explained by the advantages of LDA compared with previously devel-
oped methods, as well as its availability in a set of libraries, including gensim [23]
and scikit-learn [24] for Python.

Topic modelling allows to build multimodal models which include metadata along-
side with intrinsic features of a corpus, e.g., polylingual models for information re-
trieval, temporal models taking into account the time of document creation, author-
topic models which include authorship parameter. The latter type of topic models
satisfies the conditions of our experiments.

The Author-Topic model (ATM) [25] may be considered as a refined extension of
LDA, combines a topic model reproducing relations between words, documents and
topics, and an author model describing relations between documents and authors. In
recent years ATM is often used in linguistic and sociological studies, especially in the
tasks of user profiling (age and gender detection [26, 27]) and authorship attribution
[28, 29, 30].

2 Development of a corpus of Pikabu Russian posts

2.1 Corpus collection

The corpus of Pikabu Russian posts includes texts downloaded from Pikabu social
network. Collection of posts was carried out with the help of Pikabu parser adapted
from [31]. The parser was developed for Python 3.7 [32] and maintained with Ixml
[33] and requests [34] libraries.

We improved the original parser by adding the option of arranging posts as regards
their authorship. We also added an option of post filtering: deletion of non-Russian
texts, images, media-content, punctuation marks, etc. Html-pages parsing was per-
formed by means of BeautifulSoup library [35]. We parsed no less than 100 posts for
each author, so preliminary selection of the most productive authors was necessary.
We took into account productivity ratings [36] which were published in 2017-2018
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but still preserved their actuality in 2019. The parsed posts were ordered from the
latest (2019 — end of 2018) to the earliest (middle 2018 and further). Each post was
saved in a *.txt file, its name containing the author’s ID. Joint data about the authors
being saved in a separate document. After preprocessing the corpus size turned out to
be 2 161 681 tokens, the total number of texts being 3 059, maximum number of texts
for a single author — 100, minimal number of texts for a single author — 16. Some of
the authors fell out of the final list of Pikabu users as they posted texts in the image
format, e.g. Oblomoff (cooking recipes in JPEG) u IriskaVRF (comics/pictures).

2.2 Corpus processing

Corpus processing included tokenization, lemmatization and stop-word removal was
performed by means of spaCy [37] and pymorphy2 [38] libraries. We modified stand-
ard stop-word list by adding Wiktionary data [39] which was parsed by means of
BeautifulSoup library [35] in order to extract interjections, pronouns, particles, prepo-
sitions, parenthetic expressions, numerals. We added proper names and pejoratives
into a stop-word list. All in all, the size of a stop-word list is 1400 items. After stop-
word removal the corpus size reduced to 1 144 812 tokens which constitutes about
53% of the initial corpus size.

Before topic modelling we detected bigrams and trigrams in the corpus. In most
cases topic models are designed as unigram models which don’t take into account
regular syntagmatic relations in contexts. At the same time such models may fail to
reflect lexical constructions (collocations and idioms) which are broken into separate
lemmata, the content of the whole phrase being lost [40, 41]. That’s why we came to a
conclusion that in the process of topic model development bigrams and trigrams with
frequency more than 20 should be added into the dictionary of the model. In our case
retrieved n-grams turned out to be frequent functional set expressions, e.g. Jo-
6ou_cryyail, ecaxkuil_cayyai ‘any_case’, etc., that’s why only a few of them occurred
among top 10 topic words in the output.

We also compressed the dictionary by omitting high- and low-frequency items, so
that the final size of the corpus turned out to be 8320 tokens in 3059 documents of 39
authors.

2.3 Hash tag analysis

Alongside with posts we parsed users’ hash tags which could facilitate linguistic in-
terpretation of the topics generated by our models. We selected three most frequent
hash tags for each author, e.g. suoeo “video’, moe ‘my’, onunnocmexcm ‘long-text’,
onunnonocm ‘long-post’, etc.; hash tags duplicating users’ names: varlamov, mtd,
goodmix, etc.

While processing frequent hash tags we joined semantically correlated hash tags
which could possibly introduce a single topic, e.9.: asmopckuit pacckas ‘author story’
— pacckaz ‘story’; cmpoumenvras ucmopusa ‘building story’ — cmpoumenvbcmeo
‘building’; kyaunapus, peyenm ‘cooking, recipe’— xyaunapus ‘cooking’, etc. In cases
of low interpretability of hash tags we borrowed topic labels from the community
titles: e.g. the user Region89 [42] uses the hash tag bash im as the most frequent one,
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instead of it we labeled his posts by group names Hcmopuu uz ocusnu ‘Life stories’,
Jluea ouemonocos ‘League of nutritionists’, etc. In some cases hash tags admitted
generalization: e.g. country — continent: CII/A, Kanaoa ‘USA, Canada’ — Cesepnas
Amepuxa ‘North America’; Bpazunus, Jlamunckas Amepuxa ‘Brazil, Latin America’
— Jlamunckas Amepuxa ‘Latin America’;, Yeanoa, Pyanoa ‘Uganda, Rwanda’ —
Aghpuka ‘Africa’, etc.: hyponym — hypernym: andpouo ‘android’, ios — menegon
‘telephone’; cynepzepoii, komuxcwt ‘SUPErhero, comics’ — xomukcwl ‘comics’, etc.
The given hash tag transformations were necessary for evasion of false diversity of
topics which could complicate data analysis. Resulting correspondencies are illustrat-
ed in Table 1.

Table 1. Examples of authors’ hash tags

Author Number Hash tags

of posts
MadTillDead 100 Pacckas, oguc ‘Story, office’
smile2 100 Hcmopusi, scusuw “‘Story, life’
CreepyStory 100 Kpunoma, cmpawnvie ucmopuu ‘Creep, horror stories’
AnnrR 96 Cmpoumenvcmeo, paboma ‘Building, work’
dr. Doctor 22 JKenckuil 6peo, popym ‘Women's raving, forum’
Brahmanden 100 Kynunapus, Ooecca ‘Cooking, Odessa’
alekseev77 70 Asmocepsuc ‘Car service’
DoctorLobanov 100 Meouyuna, pacckas, souna ‘Medicine, story, war’
findeler 95 3anucku cmpoumens, noou ‘Builder ’s notes, people’
upitko 100 Dunvmvl ‘Films’

3 Topic Modelling of a corpus of Pikabu Russian posts

3.1 LDA topic model

LDA topic models were developed for the whole corpus and for its subcorpora. We
used gensim library [23] to train the models and pyLDAVvis library [43] for Python to
visualize topic distributions. The procedure includes 3 stages:

1) LDA parameter choice and model training;

2) evaluation of topic coherence with UMass-measure [44];

3) topic visualization.

For LDA development we split the corpus to segments including representing posts
of particular authors. Parameter choice was performed taking into account the variety
of author’s hash tags which envisages a set of expected topics, and UMass measure as
it reflects the level of topic coherence which is treated as a level of human interpreta-
bility of the model based on relatedness of words and documents within a topic:

Dlv; . v) + 1
D(v;)

where (v; , v_i-} corresponds to the number of documents containing words v; and v;,
while D ;) shows the number of documents contains v; [44].

UMass (v;, v)= log . (1)
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UMass measure was calculated for each author’s subcorpus, thus, the most appropri-
ate number of topics in LDA models for different authors was established ad hoc
(ranging from 3 to 30). In all cases the topic size was settled as 10 lemmata per topic.
Visualization allows to view the most significant lemmata characterizing author’s
subcorpora and word-topic distributions. Below we present topic distributions and
their visualizations for posts of random authors BadVadim, CometovArt, Fran-
coDictator and Griffel (cf. Fig. 1 — 4).

Username ID: BadVadim; hash tags: Opy:kue ‘Weapon’

Topic 1: opyorcue, noowc, xonoonoe, 6abouxa, mema, HONCEBOU, GUOEO, JHCOANMDb, CLOICHDLIIL,
npuznams... ‘weapon, knife, cold, butterfly, topic, blade, video, wait, complex, recognize...’
Topic 2: nootc, knunok, opyaicue, x0n00Hoe, OIURA, PYKOMb, uzoeaue, 00yx, O0INHCHbI, 6abou-
Ka... ‘knife, blade, weapon, cold, length, handle, product, butt, neCessary, butterfly...’

Topic 3: nooie, nynkm, F'OCT, Kiunok, pykosnos, 00wutl, MexHU4eCKuil, WKypoCoEMHbI, YCL0-
sue, pazdenounviil... ‘knife, point, GOST, blade, handle, general, technical, skinning, condition,
cutting...’

Topic 4: nooe, camoobopona, cpedcmeo, npumenenue, opyicue, memp, spgexm, ciyuai, Ou-
cmanyus, woxkep... ‘knife, self-defence, means, application, weapon, metre, effect, case, dis-
tance, shocker...’

Topic 5: nooi, eudeo, opyaicue, Poccus, cecoons, mema, munyma, noauyus, cooduiecmeo,
nueemamuxa ... ‘knife, video, weapon, Russia, today, topic, minute, police, society, pneumat-

>

ics...

Intertopic Distance Map (via multidimensional scaling) Top-30 Most Salient Terms(1)

50 100 150

camoobopona

Marginal topic distribtion i

Fig. 1. User BadVadim: topic distribution

Username ID: CometovArt; hash tags: Arps! ‘Plays’
Topic 1: uepa, ponux, ¢paxyus, napad, meppana, deramv, Kapma, sIGISIMbCs, HOPMALbHLI,
xopowwuii... ‘play, roller, fraction, parade, terran, make, card, be, normal, good...’
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Topic 2: npoexm, ckopocms, paboma, boe, npobrema, dpesnue, 3om, udes, 3¢up, xopowuii...
‘project, speed, work, God, problem, ancient, Thot, idea, airing, good...’

Topic 3: coeramw, ucpa, cezomn, cepus, MOMeHm, uepanmv, mpeiaep, Xopouwiutl, Yeudens, de-
name... ‘make, play, season, episode, moment, play, trailer, good, see, make...’

Topic 4: dens, npoexm, Konooa, NOIYUUMb, b, cucmema, uzpa, paboma, npazoHuK, noobop-
Ka... ‘day, project, block, get, elf, system, play, work, holiday, collection...’

Topic 5: opoa, anvsnc, cuna, gpaxyus, nobedums, 2epoi, uepa, youms, 06bEOUHUMb, 3aYU-
cmums... ‘horde, alliance, force, fraction, win, hero, play, kill, join, clean...’

Intertopic Distance Map (via multidimensional scaling) Top-30 Most Salient Terms1
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Fig. 2. User CometovArt: topic distribution

Username ID: FrancoDictador; hash tags: Iloantuka, Ucnanus ‘Politics, Spain’

Topic 1: ecmpana, 6exceney, 20pod, espo, Maopuo, Hcnanus, cmamyc, npusem, dpanko, mo-
Menm... ‘country, refugee, city, Euro, Madrid, Spain, status, salutation, Franco, moment...’
Topic 2: empana, Poccus, Ykpauna, éracme, mumune, ROCMOmMpems, 0elcmeyouul, 20cyoap-
cmeo, nousime, credylowuii... ‘country, Russia, Ukraine, power, meeting, look, active, state,
understand, next...’

Topic 3: kauenm, adsokam, 6usnec, cyo, npoyecc, pabomame, cmpana, Mcnanus, coenams,
npaso... ‘client, lawyer, business, court, process, work, country, Spain, make, law ...’

Topic 4: Oenvea, poinok, 6Ganka, dKOHOMUKA, OQHK, 20CYO0apcmeo, Kom, 0amv, 6alomd,
umems... ‘money, market, pot, economy, bank, state, cat, give, currency, have...’

Topic 5: cmpana, oams, Hcnanus, Poccus, 6exceney, denvea, kiuenm, Llleetiyapus, momenm,
@panxo... ‘country, give, Spain, Russia, refugee, money, client, Switzerland, moment, Fran-
co...
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Intertopic Distance Map (via multidimensional scaling) Top-30 Most Salient Terms1
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Fig. 3. User FrancoDictator: topic distribution

Username ID: Griffel; hash tags: CeBepuasi Amepuxa ‘North America’

Topic 1: Kanaoa, cmpana, xumuompacca, 6oavwoi, komnanus, paboma, CLIA, naxooumucs,
@dmopuo, ¢mop... ‘Canada, country, chemtrail, big, company, work, USA, be, fluoride, fluor...’
Topic 2: Kanaoda, CILIA, mup, muinuon, 0sa, cmams, Topoumo, npaeo, apecmosanmwlil, me-
cmo... ‘Canada, USA, world, million, two, become, Toronto, law, arrested, place...’

Topic 3: koge, Kanaoda, azvix, pyons, CLIA, kanadckuil, degywika, ciogo, Amepuxa, cmpaua...
‘coffee, Canada, language, ruble, USA, Canadian, girl, word, America, country...’

Topic 4: Kanaoa, pycckuii, kanaoey, Jicusms, jdcums, cmpauna, yexams, Toponmo, 2yce, dicen-
wuna... ‘Canada, russian, Canadian, life, live, country, leave, Toronto, goose, woman..."
Topic 5: koo, séamoma, dams, pybaw, 6ani, mom, Poccus, mawuna, memp, pyccxuii... ‘code,

currency, give, ruble, score, volume, Russia, car, metre, russian...’
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Fig. 4. User Griffel: topic distribution
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Subcorpora preparation was strengthened by stylometric analysis performed with
JGAAP toolkit [45]. Data processing gives evidence in favour of stylometric parame-
ter diversity between subcorpora and their unity within sets of documents written by
particular authors.

3.2 ATM Topic Model

ATM was built by means of gensim library [23]. The procedure includes 4 stages:
1) ATM parameter choice and model training;

2) evaluation of topic coherence with UMass-measure;

3) authors’ posts similarity estimation by means of Hellinger distance [46];

4) modelling of authors’ clusters as regards similarity of their posts.

A series of experiments was carried out to choose the appropriate number of topics
for the whole corpus, this number was changed from 10 up to 40 with step 5, the con-
stant size of topics being 10 lemmata. UMass measure was used to define the best
experimental settings. The highest UMass values corresponded to topic modelling
with 25, 30 and 40 topics. We took into account lowest scores of lemmata repetitions
between topics, that were characteristic of the model with 30 topics, this value was
selected as the best for the tasks of our study. For each author we selected the most
relevant topics generated by ATM and matched them with hash tags. After ATM
constructions we evaluated similarity of authors’ posts by Hellinger distance [46]
which estimates the distance between probability distributions describing topic variety
for the authors, thus, author clusters were formed within our model. Examples of such
clusters for users BadVadim, CometovArt, FrancoDictator and Griffel are given in
Table 2.

Author clusters proved to be consistently interpretable with respect to the content
of their posts. The user Griffel [47] is a participant of the society «Pikabu Users of
North Americay, his associates within a cluster being immigrants and/or travelers, e.g.
Varlamov.ru, a well-known blogger writing on urbanistics and adventures [48]; the
user goodmix is a businessman and sauna proprietor, and his associates turn out to be
builders and repairmen (AnnrR, alekseev77, Scrypto), etc.

Table 2. Author clusters for users BadVadim, CometovArt, FrancoDictator and Griffel

Author Hashtags  Author cluster  Similarity = Hash tags
measure
BadVadim Opyoicue dr.Doctor 0,71 JKenckuti 6ped, suoeoupul
‘Weapon’ ‘Women’s raving, video-
plays’
evilcame 0,64 Teneghon, uepor ‘Telephone,
plays’
alekseev77 0,63 Aemocepsuc ‘Car service’
AlexGyver 0,60 Ceoumu pyxamu ‘With my
hands’
goodmix 0,59 Cayna, ucmopuu ‘Sauna,

stories’
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CometovArt  Uepwr L4rever 0,75 Tepmanus,
Plays’ Bonycwt ‘Germany, bonuses’
AlexGyver 0,70 Ceoumu pyxkamu ‘With my
hands’
Scrypto 0,69 Pemonm mexnuxu ‘Equip-
ment repair’
Varlamov.ru 0,68 Topoockas cpeoa, apxu-

mexmypa ‘Urban environ-
ment, architecture’

Griffel 0,68 Cesepnas Amepuka ‘North
America’
Griffel Cesepnas  Varlamov.ru 0,99 Topoockast cpeda, apxu-
Amepuxa mexmypa ‘Urban environ-
‘North ment, architecture’
America’  ShamovD 0,98 Hnonus Japan’
FrancoDictad 0,97 Tonumuxka, Ucnanusa ‘Poli-
or tics, Spain’
L4rever 0,79 Tepmanus,
FBonycwt ‘Germany, bonuses’
Esmys 0,78 Jlamunckas Amepuxa, Kynu-
napus ‘Latin America, cook-
ing’
Franco- Hoaumu-  Varlamov.ru 0,99 Topodckas cpeda, apxu-
Dictador xa, Hcna- mexkmypa ‘Urban environ-
nus ‘Poli- ment, architecture’
tics, ShamovD 0,98 Hnonus Japan’
Spain’ Griffel 0,97 Cesepras Amepura ‘North
America’
L4rever 0,79 Tepmanus,
FBonycwt ‘Germany, bonuses’
CometovArt 0,68 Uepwr ‘Plays’

ATM allows to distribute users over certain groups in accordance with the major
topics discussed in the posts. We will mention only a few examples: user group of
travelling (Griffel, ShamovD, FrancoDictador, L4rever, Esmys, etc. describe different
cities and countries), user group of narrators (MadTillDead, smile2, CreepyStory,
DoktorLobanov, denisslavin, ozymandia, femme.kira, svoemnenie, 889900, Region89,
etc. write short stories), user group of builders and repairmen (alekseev77, AnnrR,
BadVadim, Scrypto, AlexGyver, etc.).

3.3  Topic Label Assignment

There are certain approaches to the improvement of topic models. Traditional topic
modelling algorithms, LDA being among them, do not include label assignment as an
internal procedure.
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At the same time, topic labelling allows to improve informativeness of the models.
Labels are considered as single terms or phrases generalizing the topic content. From
the semantic point of view, such labels are expected to be either strict hypernyms,
holonyms, or at least more abstract lexical items covering the meaning of separate
topic words. By default one can choose the first word of a topic as a label, but such
labels often turn out to be unconvincing. Although topic words are ranked within a
topic and may be related to each other by various syntagmatic and paradigmatic rela-
tions [49], such ordering is not obligatorily hierarchical. Labels can be assigned man-
ually in course of human expertise, but in this case they may reflect subjective treat-
ment of topics. Thus, it is necessary to find a tradeoff solution to the problem. Conse-
quently, NLP researches proposed several ways of automatic label assignment [50,
51, 52] which differ in the source of labels (intrinsic data extracted from corpora or
extrinsic information from external resources — lexical databases (WordNet, Wikipe-
dia, etc.) or search engines (Google, Yandex, etc.). In our previous studies experi-
ments on automatic label assignment were performed using such external resources as
Russian Wikipedia distributional model accessible via ESA (Explicit Semantic Anal-
ysis) and Yandex search engine output with morphosyntactic parsing and statistical
ranking [53, 54]. Taking into account stylistic peculiarities of social media (Pikabu
corpus representing one of them), we expect that labels extracted from encyclopaedic
texts (Wikipedia) and news headings (Yandex) may fail to match with the content of
Pikabu topics. Therefore, in this study we chose a lexical database RuWordNet [16,
55] suitable for experiments with social media data of mixed stylistic character.

The procedure of label assignment implemented in our project implies a hybrid ap-
proach combining human expertise and automatic data processing, involving internal
and external sources of candidate labels. On the one hand, we use manually assigned
hash tags extracted from Pikabu as topic labels. As hash tags are consciously intro-
duced by the authors, they may be considered more reliable than the first topical
words. On the other hand, we extract hypernyms for topic words as candidate labels
from RuWordNet. The idea to use lexical hierarchy as a source of topic labels keeps
close to the task of automatic extraction of «IS-A» relations and corpus-based taxon-
omy enrichment. The procedure used in our study implied selection of hypernyms for
each topic word which were united in a list and ranked. Both hash tags and hyper-
nyms are ranked in accordance with ipm frequencies from A Frequency Dictionary of
Contemporary Russian (based on the Russian National Corpus) by O.N.Lashevskaya
and S.A.Sharoff [56].

Samples from our dataset are described in Table 3. As expected, in all four cases
the users’ hash tags provide the best fit. It should be noted that throughout the corpus
hash tags are repeated among top 10 topical words, but not necessarily at the head
part. This gives us the reasons to consider them as a solid baseline dataset in further
experiments.

As regards the first topical words, in our example they are suitable as topic labels
for the topics extracted from the posts of the users Brahmanden and yulianovsemen,
but it is not the case as regards the users upitko and Malfar: although the words zomo-
eumb ‘prepare’ u deno ‘case’ have abstract meanings, they turn out to be too ambigu-
ous and vague for being topic labels. As for the corpus in general, the set of top one /
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three topical words is rather heterogeneous in meaning, so we may consider them as a
tentative — less reliable as hash tags — dataset for evaluation procedure.

Table 3. Examples of topic labels

Author Topic example Topic labels = Topic labels =
ranked hash tags ranked RuWordNet
hypernyms
Brahmanden 20Mosums, 0006asuUmo, kyaunapus, Odecca,  npooykm, 0211000,
MSICO, nepey, Munyma, mac-  peyenm... ‘CO0King,  kyaunapus...
710, COyc, 8KYC, YK, OYilb- Odessa, recipe...’ foodstuff, meal,
on... ‘cook, add, meat, pep- cooking...”
per, sauce, taste, onion,
broth...”
upitko @unvm, pexcuccep, Qunvnm,  peyewsusn, hepeoaud, duivm,
peumune, u36eCmuslil, KUHO, Kuno... ‘film, re- Kxuno... ‘broadcast,

yulianovsemen

Malfar

POJIb, KUHONIEHMA,
U3BECMHO, UCMOPUSL, XOPO-
wi... 'film, producer,
rating, famous, cinema,
role, filmstrip, known, story,
good..."

deno, cayuail, compyoHUx,
cnedosamensv, Mecmo, pati-
omaern, npoxypamypa, MB/],
opean, po3vick... ‘case,
accident, officer, detec-
tive...’

xomuxc, Bomman, @now,
¢onapw, cmamo, Hke, sce-
JIeHHAsl, BLINYCK, YUMAmb,
Mapsen ... ‘comics, Batman,
Flash, flashlight, become, X,
universe, issue, read, Mar-
vel’

view, cinema...’

MUTUYUSA, NPOKYPa-
mypa, youticmeo...

‘police, procuracy,

murder...’

KOMUKC,
cynepeepoil, cynep-
37100ei.... ‘cOMICS,
superhero, supervil-
lain...”

film, cinema...’

noaumuka, npaeo,
npecmynJjieHue...
‘politics, law,
crime...’

uzoanue, neyamo,
pyopurayus...
‘edition, print,
rubrication...’

Labels extracted from RuWordNet and assigned to the main topics of the users Brah-
manden and upitko correspond to the content of the topics and partially intersect with
hash tags on the lexical level (repetitions are marked in bold: xkyaunapus, ¢urvm,
peyenzus ‘cooking, film, review’). That doesn’t hold true for the users yulianovsemen
and Malfar: RuWordNet labels turn out to be rather more general than users’ hash
tags and topical words (npecmynaenue, npaso, uzdanue ‘crime, law, edition’). All in
all, according to our observations, RuWordNet topic labels, being semantically corre-
lated with the topics, seem to be rather generalized in comparison with label candi-
dates selected by other methods. In order to improve the results we upgraded the pro-
cedure of hypernym selection by using word2vec embeddings extracted from the
pretrained corpus model: we assumed that possible label vectors may be similar to
averaged topic vectors, but our expectations were partially fulfilled as candidate la-
bels enhanced by word2vec data remained general by meaning. That inspires further
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experiments with combination of topic labeling with distributed vector representa-
tions.

However, three types of labels constitute a scale of acceptability which is limited
by the first topical words as formal labels and RuWordNet labels as the most general
ones, the golden mean being the users’ hash tags. The combination of expert-based
and knowledge-based approaches to topic label assignment requires further quantita-
tive analysis and evaluation, but even in the qualitative aspects it seems to be fruitful
as it provides data for topic expansion and may be useful in text rubrication.

Summary

In the given study we managed to create an author-topic model for the corpus of Pik-
abu Russian posts.

We worked out a procedure for corpora development suitable for processing mixed
data from social media: texts and metadata (author’s usernames and hash tags). A
multilevel analysis of our corpus was performed.

We developed standard LDA models with visualization for subcorpora containing
posts of separate authors, that provides data on their interests. A complex Author-
Topic model was constructed for the whole corpus, which allows to detect clusters of
authors writing on similar topics.

Finally, we carried out experiments on topic label assignment, topic labels being
obtained from two sources: manually assigned users’ hash tags and hypernyms for
topical words automatically extracted from RuWordNet lexical database.

Results achieved by now allow to expand our studies and put forward the next set
of tasks: development and processing of various social media corpora, elaboration of
the procedure for latent community detection, enhancement of the procedure of hy-
pernym extraction and ranking for automatic label assignment.
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