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Abstract: In this paper, we present our methods to identify the most salient
topics for a selected domain based on topic modeling. We propose a topic
relevance score and segmentation procedure which can split the document into
parts referring to various topics. We also offer a solution for visualizing textual
spans that are related to a given topic. In this way, it can be easily determined
which are the most relevant and most irrelevant segments of a long document
(like blog posts or news articles).

1 Introduction

Nowadays, a huge amount of textual data is published every day on the internet, in the
form of weblogs, social media posts, posts on official websites etc. However, the large
amount of data makes it impossible to process it manually -- for instance, when the
user is interested in a topic, the number of documents related to the specific topic
might be overwhelming and thus, no human can easily find all the relevant documents.
The problem might be even more difficult, considering that a single document can
contain several topics itself, some (or all) of which might be relevant to the user. If
only a smaller segment of a long document, like a blog post or news article, is relevant
to the user, he should not waste time with reading the whole document.

There are various solutions for reducing the human processing time of a long
document, for instance, keyphrase extraction (which assigns a number of short phrases
to documents, representing the content) [1,4] or document summarization (which
offers a few sentence long summary of the whole document) [6].

In this paper, we propose an automatic document segmentation and relevance
visualization tool designed for long documents. Our solution is built on the top of
LDA topic modelling. The information target of the user is defined through a set of
keywords. We first rank the LDA topics by relevance to the input of the user, then
segment a long document by assigning a topic for each word smoothed in word
sequencing. We also offer a solution for visualizing textual spans that are related to a
given topic. In this way, it can be easily detected how many topics occur in a
document, which topics are the most salient ones and which are more marginal. We
demonstrate our system on Hungarian news articles.
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2 Literature review

Topic modeling aims at discovering the abstract topics that occur in a document or set
of documents. In other words, it discovers the hidden semantic structures of a text:
certain words are expected to occur in connection with certain topics, and their
presence strongly indicates that the document is about that given topic. Documents
usually consist of several topics, and the most salient topics can easily be identified
with topic modeling.

Latent semantic indexing (LSI) is a widely used method to transform the original
document vectors to small-dimension vectors [3]. In probabilistic LSI, each word in a
document can be seen as a pattern of a mixed model, composed of different topics.
Thus, a document can be seen as a mix of different topics.

Another model for representing topics is Latent Dirichlet Allocation (LDA) [2]. It
is a generative statistical model allowing observations to be explained by unobserved
groups for data similarity. Each document is seen as a mixture of a small number of
topics and each word is attributable to one of the document's topics. LDA is an
example of a topic model and was first presented as a graphical model for topic
discovery.

Topic segmentation has also been widely investigated. An early attempt to identify
topic boundaries in free texts was reported in [7]. A new hierarchical Bayesian model
was proposed for unsupervised topic segmentation [5] and LDA is also frequently
used for text segmentation [8].

3 Methodology

For our experiments, we downloaded approximately 100,000 documents from
different Hungarian news portals (e.g. www.index.hu, www.origo.hu) then tokenized
and lemmatised them with magyarlanc [9].

Our method requires two databases, the first one is a set of documents and the
second is a manually created set of words that describe a topic. We would like to
calculate similarity between this predefined topic and the documents.

3.1 Preprocessing

We used standard preprocessing methods, we removed the stopwords, punctuations,
and numbers and we lemmatized [9] the corpora.

3.2 Ranking of the documents

First we ranked the topics based on the similarity between a topic and our predefined

topic indicator word list. We ran LDA on the lemmatized dataset and we calculated 7,
ranking score to each topic #, with the following equation:
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The topics with highest 7, are more similar to our predefined word list.
Based on this topic ranking scores we can get a ranking over the documents. The rq
document ranking score for document d is derived from this equation:

Ty = Z pldlt) = n
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Now we have a ranking over the documents where the top of this list is highly
related to the predefined topic.

3.3 Topic detection inside the document

Some of the documents contain more than one topic, so we developed a method which
can extract these topics inside a document. We used Hidden Markov Model (HMM)
to separate different topics in one document. In our HMM the words are the
observations and the topics are the hidden states, each observation are generated from
a hidden state (like in POS tagging). The HMM requires two parameter matrices as
input, the emission probability matrix that describe a distribution of the observations
over the hidden states and the transition probability matrix that describes the
probability of a transition between two states.

The LDA calculates the distribution of words over a topic, which we can directly
use as the emission probabilities in HMM.

For transition probability we only use two values, one for the situation when we
keep the previous state, one when we change the state:

o, i=j
F{ff-tj} =4 1l—-=
Tl -1
where @ is a parameter that determines the size of the topics.
By using the Viterbi algorithm, we can get the topic sequence over the words of
document d with the highest probability.

otherwise

4 Results

In our experiments, we focused on two domains, namely, sports and music. We used
Wikipedia-based lists to construct an initial seed list for describing the domains. Here
we present our results for ranking topics in connection with the domains and we also
report on how documents can be segmented on the basis of topics present in the
document.
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id top words score

magyar olimpiai  verseny olimpia szovetség | 5.2501
39 Hungarian olympic competition Olympics association

nemzetkdzi  méter nyer két hosszl

international meter win two Hosszl

magyar nyer elsé hely csapat 4.1828
9 Hungarian win first place team

két ndi masodik donto ferfi

two female second final male

hely els6 auto verseny két 4.1565
6 place first car race two

kor futam tud masodik motor

lap race can second motor

meccs csapat két pont ben 4.0798

match team two point in
0 " i

els6 jatékos szezon nyer Nfl

first player season win NFL

oldal tud facebook foto cimlap 4.0561

site can facebook photo title page
47|, . ;

twitter ember szeptember 24hu kép

Twitter man September 24.hu picture

csapat meccs valogatott jatékos jatszik 4.0494
) team match national team  player play

mérkdzés g0l bajnoksag klub palya

match goal league club pitch

tertilet épiilet terv gép varos 4.0454

area building  plan machine city
28, . - .

épit projekt éptil beruhazas Park

construct project build investment  Park

manos film nap szerepld sztori 4.0060

Manos film day actor story
22 . s . .

annyi lathato munka néz Lat

many visible work watch See

magyar egyetem  ben budapest istvan 4.0018
34 Hungarian university in Budapest Istvan

laszlo gyorgy budapesti alapitvany ~ Program

Laszlo Gyorgy Budapest foundation = Program

kutatd kutatas fold egyetem viz 4.0018
35 researcher research  earth universiry water

talal allat tanulmany tudomanyos eredmény

find animal study academic result

Table 1: Salient topics related to sports.
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dal szam zene zenekar koncert 10.929

song hit music band concert
46 . S -

fesztival ~ vided lemez cimi album

festival video record entitled album

kis hely példaul Sz€p inkabb 8.7910
23 small place for example nice rather

étterem kicsi egészen két név

restaurant  small totally two name

foto kép épiilet magyar Hungarian | 8.1943
40 photo picture building Hungarian = Budapest

tér muzeum jénos laszlo jozsef

square musem Janos L4sz16 Jozsef

ben kap dij els6 két 8.0201
15 in get prize first two

harom idén vesz név nyer

three this year buy name win

film cimi rendezd sorozat szinész 7.9871
10 film entitled director series actor

mozi torténet rész jelenet nézo

movie story part scene audience

auto hely elsé tud két 7.9504
6 |car place first can two

kor masodik futam motor hamilton

lap second race motor Hamilton

eurdpai magyarorszag magyar orszag kormany 7.9076
37 European  Hungary Hungarian  country government

bizottsdg  unids unio eurdpa orban

committee Union Union Europe Orbéan

manos film nap szerepld sztori 7.9054
3 Manos film day actor story

annyi lathato munka néz Lat

many visible work watch See

2ép fold hajo két kutato 7.8989
4 machine earth ship two researcher

elsé tud repiilégép nap tudos

first can airplane day scientist

facebook  oldal rendszer cég hasznal 7.8964
19 Facebook  site system company use

tud telefon eszkoz felhasznalé google

can telephone device user Google

Table 2: Salient topics related to music.
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Tessék, lanyok, akik nem sziiltek, mégis rengeteg gyereket tettek ujra nagyon boldogga

Megmentették a harom tj-zélandi tehenet, akiket a foldrengés vagott el a vilagtol

Végre egy budapesti épitkezés, ahol az épiilethalon nem reklam van, hanem a leendé homlokzat

Ha Németh Szilard cikket olvas, a braziliai 6serdékben felsir egy fa

Mindent az olvasoért: megkostoltam a Nutellaburgert, hogy dnoknek mar ne kelljen

Rogan azt allitja, kavézni ugrott fel régi ismerdséhez. Vajon ezuttal sikeriilt igazat mondania?

Tessek, lanyok, akik nem sziiltek, mégis rengeteg gyereket tettek tjra nagyon boldogga

Emlékszik még a Balatont hosszaban atuszo lanyokra?

Nem csak tszasban és példamutatasban jok, de most a Kispingvin Uszo és Vizilabda Elékészitében tiszo
gyerekekkel kozosen gondoltak egyet és nekialltak raszoruld gyerekeknek ajandékot gyijteni. Ez olyan jol
sikeriilt, hogy a Magyar Maltai Szeretetszolgalat Csaladok Atmeneti Otthonaban ¢é16 mind a 87
gyermeknek jutott egy hatalmas névre szol6 doboz! A dobozokat a Maltai Szeretetszolgalat Jézuskaja
karacsonykor a megfeleld fa ala fogja tenni.

Ez a vilag legnagyobb maganyosan all6 jarmii-monstruma

Németorszag keleti részében talalhato meg a mai napig ez a hatalmas, 112 métere hosszil, 57 méter magas
szerkezet. Melyet a kelet-német ipar egykori dicsdjét mutatja. Ez a hatalmas kotrogép jelenleg a vilag
legnagyobb magara hagyott jarmiive. A gép elején latszodnak hatalmas "fogai" vagyis vodrei, amivel szo
szerint ette a foldet. Ezekkel darabonként 15 kobméter foldet tudtak kibanyaszni egy kor alatt anno.

Fig. 1. Sample text for visualizing topics related to sports.

4.1 Ranking topics for domains

The ten most salient topics related to sports are presented in Table 1. As can be seen,
the first 6 topics contain lots of sports words. There seems to be one outlier topic,
which is ranked 5th: topic 47 is related to social media (including words like
Facebook and Twitter). However, sports events are often advertised and reported in
social media, hence the frequency of social media vocabulary can be easily explained
in the sports domain as well. Also, topic 28 describes construction works, which again
might be connected to sports, for instance, when constructing buildings for sports
facilities such as stadiums, sports halls or football pitches.

The ten most salient topics for music are presented in Table 2. The first topic is
unambiguously related to music. There is a huge gap between the scores for the first
and the second most salient topic, which suggests that the vocabulary of music is
utterly distinct from all the other topics. However, topics 15 and 10 might be also
loosely related to music, as there are music awards where prizes can be won (topic 15)
and films are also accompanied with music (topic 10). Moreover, topic 0 may be of
relevance as well: there are several recent reports on sexual harassment from the
entertainment industry, so unfortunately a topic on sexual abuse can also be connected
to the music domain.

4.2 Document segmentation

Here we illustrate our results on segmenting the documents on the basis of the topics
mentioned. For this purpose, we made use of the Mindekozben (Meanwhile) column
of the news portal index.hu, which includes short pieces of news of miscellaneous
topics, hence they are supposed to contain multiple topics.
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Figure 1 shows a sample from a document where different topics are marked with
different colors. Text spans which are related to sport and have a high position in the
topic ranking are highlighted with green (and with bold font).

Figure 2 shows another sample from the Mindekdzben column. Here, green spans
denote textual content related to music. As can be seen, the first sentence of the
document contains an invitation to a music festival, which is then followed by titles of
other short news. Later, the music festival is described in full detail, which was also
identified as belonging to the music topic by the algorithm.

Kivancsi, hogy mulattak a francia udvarban? Menjen a Régizene Fesztivalra, ahol olyat hallhat, amit 274
éve senki

ezdédik a Miipaban 2. Régizene Fesztival, s mivel mar az el6z6ért is nagyon odavoltunk ,
nem mehetiink el sz6 nélkiil a mostani mellett sem. Bar lesznek azért alapdarabok is a miisoron (a Capella
Savaria példaul Bach hat Brandenburgi versenyét adja eld), a kozponti téma a Magyarorszagon nem
annyira ismert francia barokk lesz.

A legnagyobb durranasnak Mondonville Isbé ciml operajanak koncertszert eléadasa igérkezik vasarnap
az Orfeo Zenekar és a Purcell Korus kozremiikodésével, Vashegyi Gyorgy vezényletével.

Ezt az operat ugyanis keletkezése, 1742 6ta még soha nem tiizték miisorra!

AKkit jobban érdekel a téma, az mar egy nappal korabban, szombaton odaballaghat, mert két ingyenes
eléadas is lesz, az egyiket Vashegyi, a masikat Benoit Dratwicki (a Versailles-i Barokk Zenei K6zpont
miivészeti vezetdje) tartja a Mondonville-rél és a francia operarol.

A szivemhez legkozelebb allo eladas Sebestyén Martaéké lesz. O Andrejszki Judittal, egy valodi
provanszal trubadurral, Miquéu Montanardval, s annak a fidval Baltazarral lépnek a szinpadra. Ahogy
igérik, az "autentikus francia barokk zene mellett a francia népi hangzasvildg és a magyar népzene
talalkozasanak lehetiink fiiltanai."

Fig. 2. Sample text for visualizing topics related to music
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5 Conclusions

In this paper, we presented our methods to identify the most salient topics for a
selected domain in Hungarian news articles, based on topic modeling. We also
showed a solution for visualizing textual spans that are related to a given topic,
focusing on the sports and music domains. In this way, it can be easily detected how
many topics occur in a document, which topics are the most salient ones and which are
more marginal with regard to the central topic of the document.
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