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Abstract. Age rating systems are created to indicate target ages of
potential content users based on information security and text semantics.
Age ratings are usually given as numbers, which tell us the youngest
age the content is suitable for. A book or film with a 12+ rating has
content which is suitable only for people aged 12 years and over, and a
book or film with an 18+ rating is suitable for adults only. Currently,
content assessment in terms of information security is carried out by
experts. In this paper, we empirically compare book abstracts assigned
to different age ratings using unsupervised topic modeling. We use an
LDA model to discover topics from a collection of book abstracts. We
then use statistical methods to study relations between the age rating
categories assigned to books by experts and the topics obtained. We
believe that our comparisons show interesting and useful findings for age
rating automation.

Keywords: Topic modeling - Age restrictions- Age rating - Text classi-
fication - Statistical methods.

1 Introduction

Age-based ratings serve as a warning that the content may be unsuitable to
children. Moreover, age ratings are used to ensure that entertainment content,
such as books, but also films, games or mobile apps, is clearly labelled with a
minimum age recommendation.

While some books are suitable for readers of all ages, others are only suit-
able for older children and young teenagers. A specific portion of books contain
information that is only appropriate for an adult audience.

Age-based rating systems in different countries differ. Whereas the classifica-
tion systems in Russia, Europe and Germany are based purely on age, the rating
systems in the USA and Australia might be interpreted with consideration of
factors other than age. For example, in Australia there are two different 18+
ratings applied to either adult content or pornographic materials [6].

The Russian Age Rating System (RARS) includes 5 categories of content:
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— for children under the age of six (0+);

— for children over the age of six (6+);

— for children over the age of twelve (12+);
— for children over the age of sixteen (16+);
— prohibited for children (18+).

The RARS was introduced in 2012 when the Federal law of Russian Fed-
eration no. 436-FZ of 2010-12-23 «On Protection of Children from Information
Harmful to Their Health and Developments was passed [3]. The law prohibits
the distribution of «harmful» material that depicts violence, unlawful activities,
substance abuse, or self-harm.

The aim of this article is to compare the topics of the texts assigned to dif-
ferent age rating categories (according to the RARS). Our findings can potential
benefit many text classification applications, such as recommender systems and
text filtering systems. First, through topic analysis, we can gain a deeper under-
standing of the structure of age rating systems. Since the age rating of a book is
currently being assessed empirically, the topic analysis will be an important step
towards formalizing this task. Based on the results of the analysis, it will become
more clear which books on which topics most often contain information that is
unsuitable for children or addressed to a particular age audience. In addition,
the results of topic modeling will help to highlight specific topics for different
age groups. This is the reason why topic distributions can be used as additional
features for automatic age rating classifiers in our further research.

The paper is divided into six sections. The first section is introduction. The
second section is concerned with the data preprocessing used for this study and
the description of our topic model. The third part is related to empirical analysis
of topics. The last section is conclusion.

2 Methodology

2.1 Data Preparation

We use a collection of abstracts for books in Russian. These abstracts was col-
lected on the basis of public online libraries.
Text preprocessing included the following actions:

— standard steps, such as conversion into lower case letters, removing punctu-
ations and digits, lemmatization, removing extra white spaces;

— excluding all the stop words using Natural Language Toolkit (NLTK) Python
library [14] and words with fewer than 3 symbols;

— removing words with TF-IDF weights less than 0.15. TF-IDF (term fre-
quency—inverse document frequency) is a statistical measure that shows how
important a word is to a document in a text collection. The TF-IDF value
increases proportionally to the number of times a word appears in the doc-
ument and is offset by the number of documents in the text collection that
contain the word [9]. So, this action allowed us to exclude words typical
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of book abstracts (these are usually the words «book», «author», «readers,
etc.). The threshold 0.15 was chosen empirically. During the study, we tested
values in the range [0.1,0.3] with an increment of 0.05 and compared the co-
herence of the models;

— excluding personal names to delete the mentions of authors and characters.
This allowed our topic model to form themes according to the semantic prox-
imity of abstracts, and not according to the belonging of books to one author
or the coincidence of the characters names. To recognize named entities, we
used the Natasha Python library [13];

— we have combined common phrases (with a frequency of mutual occurrence
of more than 5) into bigrams using the Gensim library [12].

Some statistics of the data are summarized in Table 1.

Table 1. Some characteristics of the data.

Category|Number of texts|Avg number of words per text
0+ 53 45.33
6+ 3107 72.03
12+ 3110 72.03
16+ 3989 91.76
18+ 3986 76.36

2.2 LDA

To discover topics from the collection of abstracts, we choose to apply standard
Latent Dirichlet Allocation (LDA) [15]. Topic modeling is a type of statistical
modeling for recognizing main topics in a collection of documents. As a rule,
topic modeling is based on LDA, a hierarchical network that relates words and
documents through latent topics [1]. Topics are characterized by diverse fre-
quency of words. The document is presented as a bag-of-words approach, and
the topic looks like a set of words ranked in decreasing order of their probabil-
ities. LDA topic model were applied to analyze various subject areas, such as
social media analysis [17,19,18], analysis of emails [5], news [7,16], fiction texts
[10], and others.

We designed a topic model for 100 topics, which reflect the main content
of the collection of abstracts. Our approach to choosing the optimal number of
topics was to build topic models with different values of number of topics and
pick the number that gives the highest coherence value (Fig. 1).

2.3 Topic Distribution Estimation

We calculated the topic distribution for each document in the collection. It is
a vector of length equal to the number of topics in the LDA model. The topic
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Fig. 1. Coherence values.

distribution vector shows how a document extracted from the collection of ab-
stracts corresponds to each topic. Each element of the topic distribution vector
is a number from 0 to 1, where 0 is a complete non-match and 1 is an abso-
lute match. Then, we got the averaged topic distribution vector for each age
rating category to obtain the average values of topic distribution for a group of
documents:

a; = {w1,ws,...,we},j € [1,n], (1)
where n is a number of age categories, k is a number of topics, w, is a severity
value of a particular topic for the age category, z € [1, k].

For the obtained averaged topic distribution vectors a1, as, ..., a,, we deter-
mined:

— the most typical topics for each age category. We calculated the standard
deviations for each vector ai,as,...,a,. Next, we marked values that ex-
ceeded the three standard deviations as corresponding to the most typical
topics for the category (the three sigma rule).

— age-specific topics that are typical mainly for one age rating category. For
each topic, we have a vector

t; = {v1,v2,...,vm},% € [1, K], (2)

where v, (z € [1,m]) from the vector ¢; corresponds to the value w; from
the vector a,.

In the case when the number of observations (in our case, the number of
categories) is rather small, we cannot use the three-sigma rule to search for
outliers. In this case, it is necessary to use other statistical techniques for
small-sized samples [4]. We then applied the Dixon’s Q-test [2] to determine
age-specific topics. The Dixon’s Q-test is the simpler test that allows us to
examine if one observation from a small set of replicate observations (typi-
cally the number of observations is more than 3 and no more than 10) is an
outlier or not [11].

First, we arrange the values v1,vs,...,v, for each vector ¢; in ascending
order (from the lowest to the highest value):
v] <wvh<...<,. (3)

307



Therefore, we estimate the experimental Q-value:

/ !
Uy — Um—1

Qewp = m,—, (4)

Um — U1

In the next step, we compare the calculated Qegp value to the tabulated
critical Qcr;¢ value for a chosen confidence level.

3 Empirical Analysis of Topics

As mentioned earlier, the purpose of this study is to compare the topics of texts
assigned to different age rating categories (according to the RARS). Understand-
ing the differences between categories will help us highlight topics specific to the
categories. Thus, in the future, we will be able to use the empirical results of
topic modeling as a set of additional features for automatic text classification
based on the age of the addressee.

3.1 Distribution of Topics

According to the Russian law, books of any genre in printed and electronic
versions are subject to labeling in accordance with age restrictions. The law
distinguishes five age categories: 0+, 6+, 12+, 164+ and 18+ (prohibited for
children). The difference between the books of these age categories is determined
by the presence of scenes of violence, cruelty, descriptions of antisocial actions,
diseases, the mention of narcotic substances, alcoholic beverages, tobacco and
swear words. Table 2 shows the most common topics for age categories based on
our topic model.

Table 2: Top-5 topics per category.

Ne | Keywords

0+
1 |«Cka3ka»,  «BOJIIEOHBINY,  «CKA30YHBIN»,  «CEPHUA»,  <HAMOHCKMIi»,
«YKDAWHCKHi», <«HHIWHACKUil», «apabckuii» («tale», «magic», «fairy
tale», «series», «Japanese», «Ukrainian», «Indian», «Arabic»)
2 |«Pacckaz», «CKasKa», «TeTPaJib», «MAJIEHbKHE», «3aHITHE», <«II0CoDue»,
«MHTEJUIEKT», «cepus» («story», «fairy tale», «notebooks», «smalls, «les-
son», «manualy, «intelligence», «series»)
3 |«JIi0boBB», «paccka3d», <«CTHX», <TOpOZ», <«COODHHK», <«CKa3Kay,
«uiepeckas», «mepeBom» («love», «story», «verse», «city», «collectiony,
«fairy tale», «retelling», «translation»)
4 |«Pebenoks, «IJIAHETAa, «HAIIACATHY, «CTUXOTBOpHAsI _hopMas,
«PaCCKA3BIBATb», <«CKa3Ka», <«PyCCKHii», «mpukmiodennes («childs,
«planety», «to write», «poetic form», «to tell», «fairy tales, «Russians,
«adventure»)
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«Paccka3», «pebEHOK», <«IIOYYUTEJbHBINY, <«YTEHHE», <IEPKOBHBIN»,
«moburb», «Boropomuuay, «yuebHuk» («story», «child», «instructives,
«reading», «church», «to love», «Mother of God», «textbook»)

6+

«IIIkosbHBI _BO3pacT», «pacckas», «MJIQJIIAA _ NTKOJIbHUK Y,
«JIETCKUil _IUCaTeb», «PEeOEHOK», «U3BECTHBIN», «COODHUKY», <IIOBECTH»
(«school age», «story», «younger school students, «children’s writer»,
«child», «famous», «collection», «story»)

«Ckazka»,  «BOJIIEOHBINA»,  «CKA30UYHBINA»,  «CEpHUSI»,  <SAMOHCKHUiN»,
«YKDAWHCKWii», <«HHIuMCKuii», «apabckmit> («tale», «magic», «fairy
tale», «series», «Japanese», «Ukrainian», «Indians, «Arabic»)

«YUpaKHEeHUE», <«SA3bIK», <«3aKPEILUIEHHE», <«OpOIIopay, <«aHIJIUACKUilY,
«CaMOYYUTEJb», <«JIUHIBUCTUYECKUIA», «ucHaHCKuit» («exercise», «lan-
guage», «fastening», «brochure», «English», «checkbook», «linguistics,
«Spanishy»)

«Pebenok», «ILTAHETAY, «HAIIMCATh», «CTUXOTBOpHas _dopmay,
«PACCKa3bIBATb», <«CKa3Ka», «PyCCKuii», «upukimodenue» («childy,
«planet», «to write», «poetic form», «to telly, «fairy tale», «Russians,
«adventure» )

«CruxoTBopHasi_GopMay, <IJIAHETAa», <«PACCKA3BIBATH», <«DACTEHUEY,
«anbaBuT», «WLTIOCTPaus», «cruxorsopenues («Poetic form», «planety,
«to tell», «plant», «alphabet», «illustration», «poems )

12+

«IIIkospHEIA _BO3pacT», «pacckas», «MJIAJIIANA _IIKOJIBLHUK»,
«IETCKHUN MHCATENb», «PEeOEHOK», «HM3BECTHHIN», «COODHUK», <«IIOBECTH»
(«school age», «story», «younger school student», «children’s writers,
«child», «famous», «collection», «story»)

«Cka3zka», «BOJNIMEOHBIN»,  «CKA304YHBIN»,  «CEPUA»,  <SIOHCKHU»,
«YKDauWHCKHii», <«UHIUACKui», «apabckuity («tale», «magic», «fairy
tale», «series», «Japanese», «Ukrainian», «Indian», «Arabic»)

«YTIpaKHEHUE», <«SI3bIK», <«3aKpeIUIeHue», «OpOoIIopay, «aHIJIMHACKUI»,
«CaMOYYNTEJIb», <«JIUHIBUCTUYECKUIA», <«HCHAHCKUil» («exercise», <«lan-
guage», «consolidations, «brochure», «English», «checkbook», «linguistic»,
«Spanish»)

«Pebenox», «ILTAHETA, «HAIHACATDHY, «CTUXOTBOpHast _dopmas,
«PaCCKa3bIBaTh», <«CKa3Ka», <«PYyCCKuii», «npukmodenue» («childy,
«planet», «to write», «poetic form», «to tells, «fairy tale», «Russian»,
«adventure»)

«CruxorBopHasi _GdopMay, <«IJIAHETAa», <«PACCKA3BIBATH», <«DACTEHUEY,
«andaBUT», «ULIIOCTPAIM», «cTUX0TBOpeHue» («Poetic form», «planety»,
«to tell», «plant», «alphabet», «illustration», «poem»)

16+
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1 |«2KaaHblif», «IIOrOH», «3aMy4YUTb», «MHJIOCTb», «3aMETUTL» » CUACTHEY,
«cBaznebHblii», «ryoraTh» («greedy», «epaulet», «to torture», «<mercy», «to
notice» «happiness», «wedding», «to swallow)

2 |DPpoHT», «My>X4YHHA», <«Tparelusi», <«THIOTETHYECKUHA», <«IOIHATHY,
«OBUION»,  «IPEeAIIeCTBEHHUK», «nocrmkenues («forefront», «many,
«tragedy», <«hypothetical>, «to catch up», «past», <«predecessors,
«achievement»)

3 |«Metony, «dPpaHITy3CKAif», <YIIPOIIEHHUE, «IIOBTOPSIEMOCTB »,
«3ay4rMBaHUE», <YHUKAJIbHOCTb», <«TEKCT», «jIekcmueckmii» («methods,
«French», «simplification», «repeatability», «memorizations, «unique-
ness», «text», «lexical»)

4 [«erckmii», «peOEHOK», «OTHOIIEHWE»,  «IEJAror'»,  «HUCKYCCTBOY,
«BOCIIUTAHUE», «3aBUCHMOCTb», «kenmuuas («children’s», «childy,
«relation», «teacher», «art», «upbringing», «addiction», «womans»)

5 |«Kumras, «mpomuioe», <«4eOBEK», <«JI000Bb», <«TODBKHil», <«TEPSTHY,
«1poiiTu», «Mup» («book», «past», «man», «loves, «bitter», «to lose», «to
pass», «peace»)

184

1 |«UyBcTBO», «OTHOILIEHWE», <«HOBEJIA», <IIPEICTABIATHY, «PEAIBLHOCTDHY,
«MHTDUTa», <yIOBOJIbCTBUE», «banrasus» («feeling», «relations», «short
story», «to imagine», «reality», «intrigue», «pleasure», «fantasy»)

2 |«3ommak», <«IODOCKOI», «CBETUTH», <«3HAK», <IOBEIEHHUE», «THI»,
«IIPeJONPEaeNaThb», «CeKcyaubHblily («Zodiac», «horoscope», «to shines,
«sign», «behavior», «type», «to determine», «sexuals)

3 |«Kuura», «mpomwioes, <«4eIOBeK», <«JIIOD0Bb», <«TOPbKHUil», <«TepATH»,
«upoiitny, «mMup» («book», «past», «man», «loves, «bitter», «to lose», «to
pass», «peace»)

4 |«Mcropusty, <«IApyr», <«XKAHP», <CMEIIHOW», <«JINIHOCTb», <IHAJIOT,
«repoit», «Becéiblit» (<«history», «friend», «genre», «funny», «personality»,
«dialogue», «hero», «funnys»)

5 |«3naHues, «OTIHYHE», <«MYXUHHA», <KEHIIWHA», <«MHD», <«3J0DOBBLEY,
«ueiictBue», «reso» («knowledge», «difference», «man», <«womany,
«world», «health», «action», «body»)

The books for children under 6 years old (0+) may contain episodic unnatu-
ralistic images justified by the genre or descriptions of physical or psychological
violence, provided that the victim is compassionate and happy ending. The pre-
vailing topics in the 0+ category are fairy tales of the world (topic 1), developing
children’s benefits (2), poems about the world around us (3-4) and Christian lit-
erary works for children (5).

In the books for children over the age of 6 (6+), non-naturalistic images or
descriptions of human diseases, accidents, catastrophes or violent death without
demonstrating their consequences are permissible. The books for children over
12 (12+) may contain scenes of violence or murder, descriptions of illnesses,
disasters, but without details. Alcohol, tobacco and drug use may be present,
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but should be condemned. A schematic description of the hugs and kisses of men
and women may be present. These two categories are described by similar topics
in our topic model. These are short stories and tales for primary and secondary
school age (topic 1), fairy tales of the world (2), study guides (3) and poems for
children (4-5).

The books for children over 16 (16+) may contain scenes of illnesses, disasters
without detailed descriptions. Violence, alcohol and drug use can be described,
but should be condemned. Rough words may be present, with the exception
of swear words. Scenes of sexual relations cannot be described with anatomical
details. In our example, this category is represented by military (topics 1-2) and
human condition (5) fiction, teaching aids (3), psychological and pedagogical
literature (4).

A book should be marked with the 184 label if the book contains a natu-
ralistic description of illnesses, disasters, non-condemned drug and alcohol use,
naturalistic scenes of sexual relations, non-traditional relationships, obscene lan-
guage, scenes that encourage suicide. In our topic model, love stories (topic 1),
horoscopes (2), human condition fiction (3-4) and possibly relationship psychol-
ogy books (5) were detected in this category.

3.2 Most Common Topics for Categories

Table 3 shows most of the common topics discovered using the three sigma rule.
These topics are most widely represented in their category. The column «Main
topic» shows the percentage of texts for which this topic is the main, i.e. it has
the largest proportion in the topic distribution.

Table 3: The most typical topics for categories.

Category Keywords Main

topic

0+ «tale», «magic», «fairy tale», «series», «Japanese»,|7,55%
«Ukrainian», «Indian», «Arabic»

16+ «greedy», «epaulet», «to torture», «<mercy», «to notice» <hap-[1,55%

pinessy, «weddings», «to swallows
16+ «forefront», «<man», «tragedy», <hypothetical», «to catch up»,|1,53%
«past», «predecessor», «achievement»

18+ «feeling», «relation», «short story», «to imagine», «reality»,|1,78%
«intrigue», «pleasures, «fantasy»

0+ «story», «fairy tale», «notebook», «small», «lesson», «man-(5,66%
ualy, «intelligence», «series»

6+ «school age», «storys, «younger school students, 2,45%

12+ «children’s writer», «child», «famous», «collection», «story» [2,48%
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3.3 Age-specific Topics

In this subsection, we provide the topics that are typical mainly for one age
rating category using the Dixon’s Q-test. The tabulated Q.;; value is equal to
0.642 for confidence level 90% and m = 5.

We noticed that documents in category 0+ are largely mono-thematic. At the
same time documents of other categories are usually mixtures of topics. There-
fore, our topic model has many specific topics for texts from the 0+ category. In
Table 4, we present the list of the most common age-specific topics in our data
set.

As it would be logical to assume, age-specific topics generally relate to chil-
dren’s books, as well as to specific literature from the 18+ category (in our case,
literature on business and success).

Table 4. Age-specific categories.

Category Keywords Qcrit

18+ |«success», <activity», «man», «business», «city», «collection», «euro-|0,94
pean», «necessary»

0+ «story», «fairy tale», «notebook», «small», «lesson», «manual», «intelli-|0,93
gences, «series»

0+ «fairy tale», «plunge», «fairytale atmosphere», «emotion», «character»,|0,85
«interesting», «exciting», «impressions

0+ «child», «planet», «to write», «poetic formy, «to tell», «fairy tale», «Rus-|0,78
sian», «adventure»

0+ «tale», «magic», «fairy tale», «series», «Japanese», «Ukrainian», «Indian»,|0,76
«Arabic»

0+ «malachite box», «tales, «storytellers, «humors, «funny», «forests,|0,75
<hero», «capable» !

4 Conclusion

In this paper, we empirically analyzed the topics of texts assigned to different age
rating categories. We introduced the distribution of topics for age categories and
the list of the most common topics for categories and age-specific topics. These
list of topics were obtained using statistical methods. Our analysis confirmed the
existing differences between the categories and demonstrated that topic models
can be a good source of features for age rating identification. In our future work,
we will try to develop a machine learning classifier for automatically determining
the text age rating.

! This topic is probably related to «The Malachite Box» («Manaxurosas mxaTyaxas ).
This is a book of fairy tales and folk tales of the Ural region of Russia compiled
by Pavel Bazhov and published from 1936 to 1945. It is written in contemporary
language and blends elements of everyday life with fantastic creatures of mountains
and forests. This book significantly popularized the folklore of the Urals [8].
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