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This paper addresses the task of automatic genre classification for Russian
within the Functional Text Dimensions (FTD) framework. Our aim in this study
was to build the optimate FTD classification model to annotate web texts
from the GICR corpus. For training data, we used an extended GICR dataset.
We used the Support Vector Machine method with linear kernel for classifi-
cation and converted training data to lower case to increase accuracy. Dur-
ing our research we experimented with several classification parameters,
such as types of features, C-value and feature filtering to determine the best
option for the classification model of the GICR dataset. The resulting model
was able to achieve satisfactory classification accuracy and was used for
GICR annotation. We also looked at the most significant features for each
FTD in our best performing model and compared them to the most frequent
words in which these features occur. Finally, we applied our model to seg-
ments of the GICR and looked at the FTD components in these segments.
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1. Introduction

Language corpora evolved dramatically since the introduction of the first cor-
pora. We started with a 1-million-word corpus that was collected manually and had
restricted annotation, and nowadays we have massive language corpora that usually
contain at least over 100 million words and have different sophisticated technics for
corpus annotation, like POS-tagger, morphology and syntax analyzer and parser, etc.
In some cases, we might even see megacorpora, with billions of words in them. For
example, General Internet-Corpus of Russian (GICR) [Piperski et al., 2013] represents
a variety of texts from the Russian web and is comprised of 20 billion words. It is obvi-
ous that such corpora cannot be constructed and annotated manually. The solution
of this problem lies in the automatization of the process. Hence the various machine
learning techniques are introduced to this field.

In this study we are researching the field of automatic genre classification for
Russian. The importance of such classification is immense, especially for web corpora,
where texts are collected by a web crawler, and the main purpose of the texts is not
always clear.

Accurate genre classification can ease a user’s navigation through the corpus,
and allow scientists to research the difference in language use in various language
subclasses.

Another problem that occurs when working with big web corpora is choosing the
suitable genre classification system. Here, we are looking for the system that would in-
corporate in itself the balance between distinguishing ability and an adequate amount
of genre labels. From the perspective of theoretical text typology, which tries to cover all
the possible text variations, the number of genres in a language is extremely high. For
example, [Gorlach, 2004] lists around 2,100 genres for English and [Adamzik, 1995]
differs over 4,000 genres for German. Such classification systems satisfy the theoretical
necessity of describing all types of texts, but are absolutely impractical. The classification
system for corpus annotation needs to have a reasonable number of genre labels, in or-
der to collect an adequate sub-corpus for each genre and to be convenient for the users
[Sharoff, 2018]. The classification system for a web corpus should also reflect the diver-
sity of Internet texts. Web texts have a strong tendency for hybridism between genres
and new types of texts appear on the web all the time [Santini et al., 2010]. Ideally, our
classification system should be able to consider and represent all of that information.

In our study we adopt the Functional Text Dimension (FTD) [Sharoff, 2018] ap-
proach for genre classification. We chose this classification framework because it has
great coverage ability comparable with that of a long list of genre systems, while main-
taining a relatively short list of genre labels. This result is achieved through the intro-
duction of functional dimensions of text instead of discrete genre labels. In total there
are 18 functional dimensions, which represent different language functions. In the ma-
jority of genre systems a text is believed to belong to only one specific genre, but in the
FTD framework texts are described in each functional dimension independently. Thus,
one text can score positive results in several dimensions simultaneously. The FTD clas-
sification system was designed to describe any text found on the web. Since each FTD
represents a specific language function, we can use their combination to describe text
hybridism and possible new genres, which can often be found in web texts.
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To build a classifier we need a reliable manually annotated training corpus.
In the FTD framework annotators are presented with a key question for each func-
tional dimension. Depending on their answer, a text is classified as strongly (scored
as 2), partially (scored as 1) or not at all (is a default score 0) belonging to the func-
tional dimension.

2. Data

One part of our training data is a piece of the GICR corpus [Piperski et al., 2013],
which was collected and annotated in terms of FTD in [Sharoff, 2018]. This corpus
was later extended with around 500 new annotated texts from GICR by Serge Sharoff.
In this study, we are using the resulting corpus as our training data.

The GICR corpus consists of texts from a variety of genres from the Russian web,
such as blogs, news sites, social media etc. The annotated corpus was split on training
and testing data. The split was approximately 90% of texts on training to 10% of texts
on testing (see Table 1).

Table 1: Size and composition of the GICR dataset

Data set Documents Words

Training data 1,800 2,249,818
Testing data 140 163,923
Total 1,940 2,413,741

Manual corpus annotation is an essential, but extremely time-consuming task.
Because it demands a great amount of human and time resources our dataset is lim-
ited. That is why some of the functional dimensions that naturally occur less fre-
quently are not present in our dataset.

We are training our models to classify texts in 10 functional dimensions': Al ar-
gum, A4 fiction, A7 instruct, A8 news, A9 legal, A11 person, A12 commpuff, A14 re-
search, A16 info, A17 eval (see Table 2)2.

Table 2: Description of training dataset in terms of FTD

FTD Al A4 A7 A8 A9 All | Al12 |Al4 | Al6 | Al7
Size 0.14 | 0.05 | 0.04 | 0.25 | 0.05 | 0.12 | 0.17 | 0.1 0.12 | 0.09

Also due to the lack of necessary annotation in our dataset, we are not training
our models to find texts with partial belonging to the functional dimension. Thus, all
of the texts that score positive results are treated equally and marked with the FTD
score 1.

1 The numeration and labels are taken from [Sharoff, 2018].

2 For complete description of FTDs and how they are defined see [Sharoff, 2018].
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3. Experiments

In our research we conducted several experiments involving various features
for classification and different hyperparameters of the classification model. The aim
of these experiments was to find the most accurate model, which could be used to clas-
sify texts of the GICR corpus.

3.1. Classification method

For all models in this study we use the Support Vector Machine (SVM) method
for classification. It is a very popular method that is used for various tasks in NLP, such
as sentiment analysis [Mullen, Collier, 2004], language recognition [Campbell et al.,
2004] and text classification [Sassano, 2003]. SVM also proved to be the best perform-
ing method for classification with a dataset similar to ours [Bulygin, Sharoff, 2018].

We conducted our research with SVM in the Python scikit-learn library
[Pedregosa, 2011]. During our work we experimented with different kernels of SVM
and also with case of letters in texts. The scikit-learn library has 4 build-in SVM ker-
nels: rbf (radial basis function), poly (polynomial), sigmoid, and linear. The linear
kernels outperform all the other kernels by a high margin. In this paper we only show
the results for the models with linear kernel.

We also looked into the influence of the letter case in training data on the clas-
sification performance. The models with the letter case kept as in the original texts
generally perform worse than models with letter case converted to lower case, with
the only exception being in the functional dimension A12, which contains promo-
tional texts. We attribute this exception to the fact that texts in A12 often contain
phrases in upper (‘screaming’) case, which is a specific feature of this FTD. However,
the model without case conversion is unreliable on the complete corpus and in this
study we only present results for models with case converted to lower.

3.2. C-value

In the linear SVM model the parameter that is in charge of the strength of regu-
larization is the C parameter. Using low values of C will cause the model to adjust
to the majority of data, while using a higher value of C would make model put more at-
tention into the correct classification of each data point [Guido, Muller, 2017]. In our
research we build models with different C values. While the default C value is 1,
we also looked at models with the C value equal to 10 and 100 (see Table 3). We also
experimented with a C value less than 1, but the results of these models were much
less accurate and they are not present in this paper.

3.3. Feature selection

Feature selection is a process in which a subset of features is selected from all
features of training data. The best subset of features contains the least number of fea-
tures that contribute most to the prediction model [Guyon, Elisseeff, 2003]. Feature
selection allows to avoid the overfitting of the model, to reduce training time and
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to simplify the model. In our study we implement the basic approach to feature selec-
tion. We apply document frequency and only use features that appear at least in 10%
of texts of the training data. Models after feature selection have significantly less fea-
tures than before. For example, a model with character 5-gram features has 235,492
features before selection, and 3,793 features after feature selection.

3.4. Features

In this study we chose character n-grams for features in our models. We made
this decision because character n-grams are very useful for text classification [Zhang
et al. 2015] and also character n-grams show the best performance in research with
training datasets similar to ours [Bulygin, Sharoff, 2018], [Sharoff, 2010].

One of the properties of character n-grams as features is that they can contain
not only lexical information about a text, but also morphological, which helps the
model to perform better. For our experiment we built models with bigrams, trigrams,
4-grams and 5-grams as features (see Table 3). We used scikit-learn preprocessing
tools for tokenization and vectorized features using tf-idf technique.

4. Evaluation

For each model we provide 2 metrics: precision and recall. The precision met-
ric tells us how many of the classified documents were classified correctly, while the
recall metric shows how many of the texts from the testing data were classified accu-
rately. Only through combination of these metrics one can assess the overall perfor-
mance of classification.

We named models according to features and to parameters that were set for that
model. Thus, model named ‘svm-5gr-C10-nfs’ should be understood as the model that
uses the SVM classification method and character 5-grams as classification features,
with C parameter set to 10 and does not use feature selection methods.

Table 3: Evaluation of classification accuracy
of models with various parameters

model metric Al A4 A7 A8 A9 All Al2 Al4 Al6 Al17

precision (0.0 (0.0 |1.0 [0.95|1.0 |0.71|0.90 [1.00 |0.0 |1.0
recall 0.0 |0.0 |0.50(0.88|0.71 |0.31 [0.90 |0.73 | 0.0 |0.06
precision |0.79 |0.75 |1.0 |0.93 |1.0 [0.71 |1.0 [0.92 |0.75 | 1.0
recall 0.50 [1.0 |0.50 | 0.86 (0.86 |0.31 | 0.88 [0.92 | 0.35 | 0.56
precision |0.88 |0.75 |1.0 |0.94 |1.0 [0.83|0.95 1.0 [0.75|1.0
recall 0.54 (1.0 |0.50|0.92 [0.86 |0.31 |0.90 [0.87 |0.16 |0.71
precision |0.83 (1.0 |1.0 |097|1.0 [0.83|1.0 (092 |0.78 | 1.0
recall 0.45 | 0.67 | 0.50 | 0.86 | 0.86 | 0.31 | 0.88 [0.92 | 0.41 | 0.56
precision | 0.79 | 0.75 | 1.0 |0.94 | 0.86 |0.38 | 0.89 [ 0.93 | 0.53 | 0.92
recall 0.58 |1.0 |0.50 | 0.92 (0.86 |0.31 | 0.85 |[0.93 | 0.47 | 0.65

svm-2gr-Cl-nfs

svm-3gr-Cl-nfs

svm-4gr-Cl-nfs

svm-5gr-C1l-nfs

svmm-3gr-C10-nfs
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FTD
model metric Al A4 A7 A8 A9 All Al12 Al4 Al6 Al7

precision [0.91 |0.60 [1.0 |0.98 |0.86 [0.46 (1.0 |1.0 [0.80 |0.92
recall 0.77 | 1.00 | 0.50 [ 0.90 |0.86 | 0.38 [0.90 | 0.93 |0.42 | 0.71
precision | 0.75 [0.75 [1.0 |0.94 [0.86 |0.33 |0.89 [0.93 |0.56 | 0.92
recall 0.58 | 1.0 [0.50 |0.92 |0.86 [0.31 |0.85 |0.93 [ 0.47 | 0.65
precision {0.86 [0.60 (1.0 |0.98 [0.86|0.46 |1.0 [1.0 |0.80 |0.92
recall 0.73 |1.0 [0.50 | 0.90 |0.86 [0.38 |0.90 | 0.93 |0.42 | 0.71
precision | 0.67 [0.75 [1.0 |0.93 [1.0 |0.50|0.87 [1.0 |0.53 |0.92
recall 0.55 1.0 [0.67|0.86|0.86 [0.31 (0.81 |1.0 |0.47 | 0.69
precision | 0.68 [0.50 |1.0 |0.95 [1.0 |0.36|0.88 | 0.86 | 0.53 | 0.92
recall 0.59 1.0 |0.67 |0.88 |0.86|0.25|0.88 |1.0 |0.53|0.69

svim-5gr-C10-nfs

svmm-3gr-C100-nfs

svm-5gr-C100-nfs

svm-3gr-C10-fs

svm-5gr-C10-fs

The first four models in Table 3 are basic SVM models with no additional pa-
rameters that have different classification features. Out of those four models, the best
performing feature appears to be character trigram features and character 5-gram
features, where 5-grams slightly outperform trigrams. For the following experiments
with SVM parameters we used both these features.

Next, we tested models with different C values. The results show that the in-
crease of C value leads to a better recall score of the model, but lowers the precision.
Therefore, the most optimal C value would be 10. Such models are the most balanced,
and take into account both precision and recall metrics.

In the end, we implemented feature selection to our best performing models.
The reduction of the features helped the model to increase recall score for A7, A14
and A16 functional dimensions. However, these models lost some precision points for
some FTDs. In the following experiments with feature extraction and classification
of GICR’s segments we are going to use ‘svm-5gr-C10-fs’ model. It is one of our best
models and feature selection makes 5-gram interpretation more efficient.

5. Analysis of features

Most of the classifiers used in Machine Learning are a so-called ‘black box’, be-
cause we do not know for sure how the parameters and weights were assigned for the
model. However, some of the classifiers, including SVM, are able to show the most
valuable features of the model. This can shed some light on how the fitting of the
model is performed.

We collected the most valuable features of the ‘svm-5gr-C10-fs’ model for each
of the FTD present in our training corpus. We also provide the most frequent words,
where these features appear (see Table 4).
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Table 4: The most significant classification features for each FTD

FTD Features Words

Al ' connt, 'okasa, ' mpud, 'utend, ' Hapo!, | coLHMaIbHON, OKa3aHUs, IPUYEM, IPeJCTaBU-
'Ham ', ' 6ora), 'HeT ', 'yem , ' OHM ' TeJisA, MeX/IyHapoJHOTro, 60raTcTBa, IoKa3a-
TeJIN, I0Ka3aTelbCTBA, 0Ka3aJIUCh, IPUYNH,
3aMeCTUTesI, HapoJa
A4 |'ka,''mpoc,',-,',u','a,u",'ero!, |demoBeka,IPOCTO, €ro, CKa3aJ, IJIa3a, BeKa,
'kasau, 'rmas',', e, on' Kas3aJsoch, I0Ka3as, HEKOTOphIe
A7 |'HCTpy', ' mO6a), 'nob6as), 'bopma), ' Bac',' | KOHCTpyKIUH, 106aBUTH, [oJ, NHGOPMAIINH,
xesa', ' mopo), 'ecin |, ' ecu, ' 3anp' JKeJIaHUe, TIOPOJ, eCJIU, 3a1IPOC, HHCTPYMEH-
TOB, [IOPOIA, 3aTPELIEHO
A8 |'sbps','HOBHI, 'cKa3a, 'coobmr, ' MOCK!, | CEHTAOPSsI, HOBBIX, CKa3aJjl, MOCKOBCKUX,
' c0006', 'aBu |, '3asaBu, 'asgBui, '3asgB' | cOOOIEHMS, 3aABUI, OKTSAOPS, OCHOBHI,
MOSIBUJIUCH
A9 |'BercT! 'moKH, 'eTcTB!, ' cTat, '3aKa, |ZOJIKHBI, COOTBETCTBUH, CTAThH, 3aKa3, IIPU-
'Matp |, 'crars, ' pa6o, ' wiu ', 'dexep' HUMAaTb, pabOTHI, OTBETCTBEHHOCTH, [IOJIK-
HOCTHBIX, $eZiepasbHOro, CTaTyc
A1l |'mHoro, 'net','cBoe','Hac', 'mepes), OKa3aJUCh, ITOSBUINCh, OCTAJINCh, HAXOAH-
'tuck ', ' . k', 'cTHO |, ‘ MeHd', ' MHe ' JINCh, U3BECTHO, COBMECTHO
Al12 |'sHako!,'a3mep','kpac!, 'oBbIf, ' Ay, | IPU3HAKOB, KPACOTHI, KPACHBIHM, KPACUBBIH,
'mpogz’, 'HaKoM', ' BEICO!, ' caliT,, 'cCTBO' | HOBBIH, 3HAKOM, ITPOAYKIINH, BEICOKOMH,
caiiTe, KOTMIECTBO, OOJBIINHCTBO
Al14 |'ona','zaza, 'enntii’, '6oapmt, ') . ", " 3aZlauM, 13bIKa, pACCMOTPEHU s, 6OJIbIIIE, OT-
30K, ' pacc, 'octu |, ' 6onp, . 1 HOIIIEHWH, pellleHNH, U3BMeHEeHN !, paccieso-
BaHUs, IeATETbHOCTH
A16 |'zako', 'Havas, 'u3aMma ', '3aKkoH,"'.a’, 3aKOHa, HavyaJjia, MeXaHU3Ma, JAHHBIH, IpU-
'HHBIN |, '. B', ' IpuH), 'Beka ', ' xemna' HATBH, YeJoBeKa, XKeJaHue, OpraHu3Ma, CoBpe-
MEHHBIN eJUHCTBEHHBIN
Al7 |'urpa),'xots, 'xora ', 'cMoTp', 'pady', |Urparb, pacCMOTpEHUsA, Cpa3y, MOCKOBCKHH,
'oBckd', ' Mano,, ' 6e3 ', 'craTu, ' KHUT' | KCTATH, KHUTU, pa3yMeeTcs, 0aHKOBCKUE

As shown in Table 4, features that are the most significant for the FTD are ap-
pearing in words that are often associated with texts of this functional dimension. For
example, ‘3asgBwr’ in A8 and ‘moyKHOCTHBIX in A9.

6. Applying FTD classifier to the GICR corpus

The GICR corpus contains over 2 million documents with over 20 billion
words. The corpus is split into several segments, based on the source of the docu-
ment. We chose the ‘svm-5gr-C10-fs’ for the GICR classification, since 5-grams and
the C value of 10 turned out to be the best overall performing classification options.
We also chose to filter features, because it speeds up the classification and models
with a reduced number of features are usually more reliable.

Before we applied our ‘svm-5gr-C10-fs’ model to the segments of the GICR cor-
pus, we decided to test it on the raw dataset of the GICR texts from the ‘livejournal’
segment, since our model was only tested on our training corpus. For this experi-
ment, we randomly picked 100 texts from ‘livejournal’ subcorpus and annotated them
manually. Then we evaluated the ‘svm-5gr-C10-fs’ model on these texts. The overall
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precision averaged around 75% and overall recall was 51%. For the two most repre-
sented functional dimensions in ‘livejournal’ segment A1 and A11 these metrics scored
75% precision, 47% recall for A1 and 83% precision, 62% recall for A11. We consid-
ered the performance of this model adequate, so we applied it for the classification
of the GICR corpus (see Table 5).

Table 5: Classification of GICR segments in terms of FTD

FTD
segment Al A4 A7 A8 A9 All  Al2 Al4 Al6 Al17

Livejournal. | 0.39 | 0.02 0.003 |0.09 |[0.002 [0.42 |0.01 |0.001 |0.02 |0.05
com
Blogs.mail. | 0.52 | 0.02 0.01 0.004 | 0.0004|0.39 [0.01 |0.0003|0.006 |0.04
ru
magazines. | 0.16 | 0.33 0.0 0.003 |0.01 0.24 |0.0 0.06 0.14 [0.05
russ.ru
News 0.04 [ 0.0001 | 0.0002 (0.92 [0.003 |0.003 |0.002 |0.002 |0.02 |0.004
Vk.com 0.71 | 0.04 0.003 |0.01 |0.001 [0.19 |0.03 |0.0003|0.01 |0.007
Total GICR | 0.45 | 0.02 0.007 |0.11 [0.002 [0.30 |0.03 |0.005 |0.02 |0.05

The classifier was able to mark most of the texts in each segment, though some
of the texts were left unlabeled. These texts are not taken into account in Table 5.

In the ‘livejournal’ segment we see the dominance of A1l (argumentative blogs)
and All(personal stories) functional dimensions. Both of these FTDs are common for
social networks, and it is not a surprise that they compose most of the ‘livejournal’
segment of GICR.

The ‘blogs.mail.ru’ segment is quite similar to the ‘livejournal’ segment, as it also
has Al and A1l FTDs comprising it. However, it is expectable, since both sites are
platforms for blogs and, hence they have similar type of texts.

The ‘magazines.russ’ segment consists of various journals with different style
of articles. This can be seen in our results. This segment is the most well-rounded,
with no dimension being severely dominant.

The ‘news’ segment is composed of articles from ria.ru, lenta.ru and rosbalt.ru.
The most represented dimension here is A8. A portion of the texts in this segment
is from the Al (argumentative blogs) FTD, which is common for news texts.

The ‘vk’ segment is a social network segment. It is also dominated by the A1 and
Al1 functional dimension.

An interesting question that comes up during the FTD research is how functional
dimensions correlate with linguistic features. We used a script that extracts linguis-
tic features on the Al and A8 subsets. The script was adapted for Russian by Serge
Sharoff from MultiDimensional Analysis [Biber, 1988].2 The subsets were classified
by our model from the ‘livejournal’ segment of GICR. In our experiment we looked
at two features: the verbs in the present tense and in the past tense. The results show
that verbs in the present tense are much more common in the A1l dimension than
in the A8 dimension, with median values 0.03490829 and 0.02912898 respectively.
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However, the verbs in the past tense are more frequent in the A8 dimension with me-
dian value 0.03572108 and much less frequent for the Al dimension with median
value 0.01967835. This opens the possibility to compare the use of language in argu-
mentative opinion pieces vs reporting news. More research is still required.

7. Conclusion

In this paper we presented an experiment during which we tested several classi-
fication features and parameters to find the optimal classification options for the GICR
dataset. The resulting model uses character 5-gram features, has C-value of 10 and
uses the feature selection technique, where features are filtered by document fre-
quency. This model was used for the annotation of the segments of the GICR cor-
pus. Furthermore, we looked at the most significant features of our model for each
FTD and compared these 5-grams t0 the most frequent words of the training corpus,
in which these features can be found.

In further studies we would like to continue our experiments with GICR annota-
tion. One of the possible lines of research is the correlation between text-internal lin-
guistic features and text-external genre classification. The original idea comes from
Douglas Biber’s Multi-Dimensional analysis [Biber, 1986]. The MD analysis was also
implemented for the English web texts in [Biber, Egbert, 2016]. Similar research was
conducted for Russian in [Katinskaya, Sharoff, 2015], where the researchers used
FTD classification and compared it to the MD analysis. This study showed very prom-
ising results and we would like to apply this knowledge to the GICR corpus.

Another interesting research area concerns related text classification tasks.
We have not experienced considerable issues with detecting spam, most of it was classi-
fied as A12, Promotion. However, it’d be very interesting to investigate deviations from
the prototypes (such as a newspaper report) as caused by spam in the social networks.
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