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Opinion mining is a popular task, that is applied, for example, to determine
news polarisation and identify product review classes. Our task is unsu-
pervised clusterization of opinionated texts, in particular news on political
events. Many papers that tackle this issue use generative models based
on lexical features. Our goal is to determine the entities defying an opinion
amongst lexical, syntactic and semantic features as well as their composi-
tions. More specifically, we test the hypothesis that an opinion is determined
by the composition of the mentioned facts (SPO triples), the semantic roles
of the words and the sentiment lexicon used in it. In this paper we formalise
this task and prove that using a composition of the above features provides
the best quality when clusterising opinionated texts. To test this hypothesis
we have gathered and labelled two corpuses of news on political events and
proposed a set of unsupervised algorithms for extracting the features.
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1. Introduction

Every important political event is vastly covered in the news. Most sources pro-
vide polarised texts expressing the opinion of one of the sides. As a result, readers only
get to know one side of the problem. We would like to provide them with a tool to clus-
terize news feed according to the opinions they express. Often there are more than
two opinions on an issue, and a more general approach suggests finding the number
of opinions as well. We, however, will be solving a simpler problem where this vari-
able is given.

In this paper we study different approaches to classify opinionated texts
on a given news story. We work with datasets of news covering political events. The
question we answer is what computationally seizable entities define the opinion
of a text. In contrast to the work done traditionally in opinion mining, which focuses
on proposing a more complex generative model, in this work, we focus on determin-
ing the best features for classification and finding the entities that authors use to ex-
press opinions.

Most studies use lexical features (words or sentiment lexicon) as tokens and ex-
tract dependencies on a word-level. We assume that syntactic and semantic patterns
combined capture the essence of the author’s opinion. To be more specific, we pro-
pose three entities: subject-predicate-object (SPO) triples, semantic roles and senti-
ment lexicon. To understand how they capture opinions that are indistinguishable
on a word-level, let us consider two extracts from actual news covering the enterprise
nationalisation in LPR and DPR (Lugansk and Donetsk People’s Republics). These
texts have similar word distributions but the mentioned semantic and syntactic fea-
tures are used differently.
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...Ilpeaudenm Ilemp IlopoweHko 3a-
s8un, umo Poccus de-hakmo KoHPUcKo-
8aJ1a yKpauHcKie npednpusamus, Komo-
pble HAxX00Mcsl Ha HenOOKOHMPOJLHOIL
Kuesy meppumopuu. Cezo0ns /JHP
u JIHP «HauyuoHanu3uposanu» ykpd-
uMcKue npednpusmus IIpu smom
Kpemnw 3awgumun xonduckayuro npeod-
npusmuil 8 JI/[HP ... YkpauHa nompe-
6yem pacwupums caHkyuu ... 3a 8ce
amu Odelicmeusi 06s3amesibHO HAcmy-
num Hakasavue. Ykpauna nompebyem
pacwupeHuss CaHKyuil Ha mex, Kmo
YKDPA YKpauHcKue npednpusmu ...

..Ilo cnosam 3axapuenxo, Kues scmpe-
mum ceoll «yxcacHwlll KoHeu»... Kues
803bMeMCcs 3a YM, U 8 YessLX CnaceHus
€06CMBEHHOU NPOMBLULIEHHOCMU CHU-
Mem 6210kady ... ObcmaHoska, KOMopy o
ucKyccmaeHHo co3zoana YkpauHa c 6so-
kaooil /Jonbacca, 8bHyOUNA ... KOWMA-
pum ceotl Hapoo ... eciu 8 Kuese 6bLnu
NPUHAMbL KAKoe-1ub0 NOCMaHoseHue

. NoJoJcUMeNbHble pe3yabmamst, Kak
0 pecnybauk, mak u oas Poccuu ...
Ecnu um ydacmces cmecmums ITopo-
WeHKO U NpU 3Mmom He pa3eaiums Ykpa-
UMY, MO 8ce 8ePHEMCsL HA 80U mecmd...

The words Poroshenko, Russia, Ukraine and others are used in both texts,
so we wouldn’t be able to tell the opinions apart based on lexical features. One way
to solve this is to use subject-predicate-object triples. For example, in the first text Po-
roshenko is used as a subject, but in the second one as an object. The second approach
we mentioned is using semantic roles. For example, the word Russia is an agent in the
first text and a patient in the second one. Lastly, we use sentiment lexicon to tell the
opinions apart: the first text uses such negative lexicon as occupation, steal (aggres-
sor) while the second one has hostage, threat (victim). To clarify, word distributions
do matter but they differ mostly in sentiment lexicon. In this paper we study what
feature: SPO triples, semantic roles or sentiment lexicon captures the differences
between opinions more accurately. In section 3 we describe these features and the
unsupervised algorithms we use to extract them in detail. In section 4.1 we describe
the probabilistic models we use for opinion clusterization. In section 5 we pres-
ent the openly available datasets of news labelled with opinions we have gathered.
Section 5.3 contains comparisons of models built on SPO triples, semantic roles,
sentiment lexicon and their combinations. Finally, we present our conclusion that
an opinion, in fact, is best defined as a combination of all three features.

2. Related work

Opinion mining has been vastly studied in recent years. A general survey of meth-
ods is presented in [2] and [3]. Earlier works [1], [4] focused on mining opinions
in product reviews, but in more recent papers focus has shifted towards texts on politi-
cal events and the issue of political polarisation [5], [6], [12]. Most of the discussed
works rely on probabilistic models, which are described in [2]. Topic models were used
both in supervised [5] and unsupervised approaches [6]. When analysing news feed,
supervised approaches are hard to apply as big datasets with labelled texts are difficult
to come by and cannot be gathered while the news are still relevant, so a supervised
approach was not an option for us. All in all, unsupervised generative models are the
most preferred and popular in opinion mining [5], [4], [14]. Some works tackle a more
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general problem of finding topics and opinions simultaneously. The authors of [ 7] pro-
pose a topic-aspect model that mines topics and aspects, where the latter can be in-
terpreted as opinions. We will be focusing on a more localised problem of clustering
opinionated texts on a given political event or topic. In other words, we will building
the second layer of a hierarchical topic model of the news feed, which corresponds
to opinions. Unsurprisingly, the overwhelming majority of opinion mining studies
worked with English texts, while we will be experimenting with Russian news.

SPO triples (or facts) have been used for opinion mining, and they allowed to in-
crease quality in similar problems. For example, the study [8] was aimed at solving a dif-
ferent task: ontology mining. Its authors built a similar generative model (LDA). They
proved that using SPO triples to build hierarchical topic models provides a gain in qual-
ity. That gave us the idea that a similar heuristic could be useful in opinion mining.

Sentiment analysis is close to opinion mining. Sentiment lexicon is a strong in-
dicator of an opinion and can be accurately extracted without a train dataset, making
it a popular tool for opinion mining. Many studies use polarised words to classify prod-
uct reviews and political texts. The most basic approach is lexicon-based, but its main
drawback is that context can massively affect word polarity. A necessary enhancement
is rule-based approaches [16] that take into account neighbouring words, their part
of speech, sentence role and other features. Works such as [17] propose a system based
on a large set of heuristical rules, and our model followes a similar approach.

Semantic roles are powerful in capturing connections in sentences and they have
been used for solving many NLP tasks such as question answering, information ex-
traction and information search. Study [15] showed that they can provide a signifi-
cant quality increase in opinion mining. There are several approaches for extracting
semantic roles, most of them use some type of neural network architecture [19], [20],
[21] and a hand-accessed database of semantic frames, such as FrameNet or VerbNet
[20], [21], for training. A model for extracting semantic roles in Russian was proposed
by Shelmanov and Devyatkin in [18]. It used a similar neural networks approach and
the Russian database FrameBank, similar to FrameNet.

SPO triples and semantic roles have been used for opinion mining. However,
a combination of semantic and syntactic features have not.

To build topic models we will be following an approach called additive topic
modelling regularizers (ARTM), a technique that allows to configure different topic
models by adding regularizers. It is described in detail and analysed in [9].

3. Features

To build the composite probabilistic model we will be using several syntactic and
semantic features. This section will provide their description and describe the unsu-
pervised algorithms we proposed to extract them.

3.1. SPO triples

In subject-predicate-object triples predicates are the words that express situa-
tions, they are usually verbs or verbal nouns. Naturally, in order to extract SPO triples,
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we would first have to find predicates and then find subjects and objects connected
to them. In order to do that we will be building syntactic dependency

trees, an example for the sentence «Padukxanst 3axczau aiiepsvl 803e YKpaAUH-
ckoll douku Cbepbarnkax is given in Figure 1. At its nodes are words connected with
edges representing syntactic tags in the Universal dependencies format.

Coepbarnka,

Figure 1: Dependency tree example

To extract the triples we take into account a number of features such as part
of speech, position, syntax tag and others. The most basic SPO triples are noun-pred-
icate-noun. Besides explicit triplets there are some implicit examples that do not con-
tain a verb or a verb noun, such as noun-noun triples.

We developed a set of heuristics allowing us to capture the following types of triples:

* Explicit triplets: noun-verb-noun.
Example: the congress passed a law — (congress, pass, law)

* Noun-noun triplets.
Example: president Putin — (Putin, is, president)

e Adverb triplets.
Example: The meeting held by Navalny... - (Navalny, hold, meeting)

* Adjectives triplets.
Example: Ukrainian branch — (branch, is, Ukrainian)

To build the dependency trees we used a dockerized version of Google’s SyntaxNet
parser! pre-trained on a corpus of Russian texts.
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3.2. Fillmore roles

Semantic roles capture the meaning of words and show what the author meant
to express. They are a way do describe numerous word relations by a limited set
of states. There are many different sets of semantic roles of various sizes. On one end
of the spectrum are domain-specific roles such as From_Airport, To_Airport, Depart_
Date, they are fixed to a frame (Flight) and often to a small set of words. They are not
suitable as features as their distributions in any given text are very sparse. On the
other end of the spectrum are macro-roles: Proto_Agent and Proto_Patient, they are
too general and usually match subjects and objects. In between lay many sets of se-
mantic roles such as Fillmore’s nine: Agent, Experiencer, Instrument, Goal, Location,
Object, Source, Time, and Path. Their description is given in Table 1. We decided
to choose Fillmore’s [13] set of roles as they are cross-domain and describe complex
semantic relations.

To extract Fillmore roles we will be using the model proposed by Shelmanov A. O.
and Devyatkin D. A. in 2018 [18]. It uses a neural network using syntactic features
gained from a dependency tree (built with SyntaxNet). The model extracts multiple
semantic roles which we then clusterise into Fillmore’s 9 roles.

Table 1: Fillmore’s semantic roles

Role Description

Agent The instigator of the action denoted by the predicate

Patient The ‘undergoer’ of the action or event denoted by the predicate

Theme The entity that is moved by the action or event denoted by the predicate

Experiencer | The living entity that experiences the action or event denoted by the
predicate

Goal The location or entity in the direction of which something moves

Benefactive | The entity that benefits from the action or event denoted by the
predicate

Source The location or entity from which something moves

Instrument | The medium by which the action or event is carried out

Locative The specification of the place where the action or event is situated

3.3. Sentiment lexicon

Opinions on an object is often supported by sentiment lexicon, and under senti-
ment we will be understanding two polarities: positive and negative. The problem
of extracting sentiment lexicon in news can be broken down into two tasks: gathering
a dictionary with sentiment lexicon and tagging words with respect to their context
in the texts with +1, —1 or O.

As abasis dictionary we used the one collectd by the resource Linis Crowd ([ 10]),
which was gained through crowd-accessing of texts on political and social topics. The
dictionary contains 2,454 words tagged with sentiment. We then enriched the dic-
tionary using an approach that suggests that synonyms and hyponyms of a sentiment
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word have the same polarity while antonyms have the opposite. For that we used Ru-
WordNet? [11] and widened the dictionary to 3,419 words.

When tagging words with sentiments we took their context into account. There
are several ways to do that but the best one is syntactic dependency trees. We used the
following rules to tag words:

» Ifatagged word is a noun, an adjective or an adverb, its parents are tagged with
the same polarity.

» Ifaverbistagged, subjects and objects connected to it are tagged as well.

» If a negative particle is a child of a tagged word, its polarity is changed to the
opposite.

4. Multimodal opinion mining model

Our algorithm consists of several steps. Firstly, we build syntactic dependency
trees of each sentence in the document corpus using SyntaxNet. The same trees are
then used in all three algorithms that extract SPO triples, Fillmore roles and senti-
ment lexicon. The features are then broken down into 5 modalities, section 4.2 cov-
ers the process. Those modalities are used to built a regularised topic model. Finally,
we train the topic model on a corpus of documents and split them into clusters cor-
responding opinions. Figure 2 shows a general plan of the algorithm. Next we will
be describing every step in detail.

Sentences Dependency trees Modalities
SPO extraction —>»| Subjects
I Objects
— _ _| Fillmore roles
° - - - extraction -
Fillmore
» roles
News collection
Polarity _| Positive
extraction "1 words
Negative
— —
= — words
-— -— |
Sentiment lexicon Enriched sentiment
lexicon

Figure 2: Modalities extraction algorithm
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4.1. ARTM topic model

In the current section we will describe the basics of additive regularization
of topic models. Let D be the corpus of documents and W the set of words (tokens)
in them. We will consider every document a bag of words. We assume that each word
relates to some topic from T and the corpusis ani.i.d. (w;; d;; t)"_; from a distribution
pw;d;t) € WX D X T. Having also assumed that the appearance of a word w in a docu-
ment depends only on the topic, we can draw:

plwld) = 3 plwlp(td) = 3 puba = ®-©

teT teT

® and O are stochastic topic-word and document-topic matrices, our goal
is to find them. To do that we will be maximizing the likelihood logarithm with prob-
ability distribution constraints:

L(®,0)+ R(®,0) =In [[ [[pwld)"™ + R(®,0) = > naw > puibia+ R(2,0)

deD wed deD wed teT

Instead of words we can break the documents down into of several types of to-
kens called modalities (i.e. subjects, objects, polarised words). In this case the equa-
tion takes the form:

L(®,0) + R(®,0) = Z Tm Z Z Ndw Z wtba + R(P,0)

meM deD wed teT

Here M is the list of all modalities. W™ is the dictionary of m-th modality. By ad-
justing weights t,, we control the influence of each modality. The resulting optimisa-
tion task is:

l’({)llél Z Tm Z Z ndwzwwtetd+R(q)ve)

T meM deD weWwm™ teT

St Y ur=1,m€EM; @y >0
wewm
ZQtdzl,meM; Oig >0
teT

Here R(®, 0) is the regulariser we add to the likelihood. If R(®, ©) = 0 it turns into
a PLSA model. In this case the problem has an infinite number of solutions, so regu-
larisers provide additional constraints. R(®, 0) is usually a sum of regularisers with
coefficients: >1;R;(®, @). We will be using the following regularizers in our work:

* Smooth/sparse regularizer:
We presume that every document and every word relates to a small number
of topics, so the distributions ¢,= (¢, ), cw; 04= 09,7 should be sparse.
At the same time there are some common vocabulary topics that are present
in every document, their distributions are smooth. Common vocabulary does not
carry much information for out experiments, so we add a smooth regulariser for
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those words to be gathered in common vocabulary topics. Other topics will then
have sparse distributions where only a few words are assigned high probabilities.
Those words can be called kernel words. The model we build has one extra topic
that holds common vocabulary terms.

* Decorrelation regulariser:
In opinion mining it is necessary that the opinions found in the text corpus differ
significantly, otherwise we cannot classify the texts. We add the decorrelation
regulariser so that is sparse.

4.2. Modalities

We will be building probabilistic models based on five modalities: M = {M,, M,,
M,, M,,, M,.}. The first two modalities are subjects and objects, derived from SPO tri-
ples. At first we used the whole triples as a modality, but the distribution of terms over
texts in any given corpus was too sparse: most triples were unique to the collection.
Usage of SPO triples for opinion mining was based on the heuristic that news with
similar lexicon had differing distributions of subjects and objects, that is why we de-
cided to use them as the two modalities. Let T; = {(sq, P1, 01), ---, (S, P> 0,0} be the list
of all triplets in document d, then we create two lists {s, ..., s, } € W* and {oy, ..., 0,
€ W° and define ndw as the number of triples containing w:

New, = Z [s =w], weW?
(s,p,0)€Tq

N, = Z [o=w], weW°
(s,:p,0)€Ta

The next modality M, corresponds to roles. Its dictionary W" contains all pairs
(w,r), w € W, r € R, where W is the corpus vocabulary and R is the set of nine Fillmore
roles. Here ng, is calculated as the number of times the pair (w, r) occurs in docu-
mentd. The last two modalities M, and M, correspond to sentiment lexicon. W? is a dic-
tionary that contains all positively polarised words while W" contains all negatively
polarised words.

4.3. Assigning opinions

Having obtained the matrix @ with topic distributions for every document
we have to assign some opinion to every text, that is to clusterise them. In order
to do that we will consider 6, as a vector of features for d. We can say that feature
x; shows “how much” of topic tis contained in d. If we assume that every text expresses
a single opinion, it can be defined as

04 = arg mr«gx@d

It must be noted that an opinion does not necessarily express a positive or nega-
tive attitude to an entity, as there can be any number of opinions in a text corpora.
Itis rather a combination attitudes on different entities.
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5.

Experiments
To evaluate our algorithm we have collected and labelled two corpuses of news:

1. 82 news considering enterprise nationalisation in LPR and DPR. The texts av-
erage at 200 words. They were extracted from multiple news sources: Rus-
sian as well as Ukrainian. We selected texts expressing two opinions: Mos-
cow’s opinion and Kiev’s opinion, most texts on the topic belong to one of them.

2. 220 news considering Donald Trump’s decision of quitting the Paris Climate
Agreement. The text’s sizes once again averaged at around 200 words. The
news were equally distributed between two opinions: one of Trump’s support-
ers, those who oppose him (such as Elon Musk).

The corpuses were labelled by two independent accessors who were given se-

lected news on a topic. They first read the whole collection and determined the number
of opinions present. Then every text was marked with an opinion. The two accessors
reached an agreement with an average rate of 91% when assigning opinions. An addi-
tional accessor was brought to evaluate uncertain texts. When collected, the corpuses
were being extended until news began to be derivative from those already added. The
datasets are available for public use at 3. From here on we will be refer-
ring to the datasets as Corpus 1 and Corpus 2.

To evaluate clusterisation quality over two classes we will be measuring preci-

sion, recall and F1-score.

5.1.

Adjusting hyperparameters
Our model has several hyperparameters:

Weights of modalities {z,,}, m € {s, 0,7, p, n}, >7,, = 1

This is the most important parameter—the weight distribution of modalities that
defines an opinion. One of the goals of our research is to get the optimal distribu-
tion of features: SPO triples, semantic roles and sentiment lexicon that provides
the best clusterisation quality and thus defines and opinion.

Regularization coefficients t
These coefficients determine how sparse or smooth the resulting distributions
in @ and 0 are.

Minimal TF for modalities
It is possible to take into account words with term frequency above a threshold.

To find the optimal hyperparameters we follow the steps:

1. Fix the regularization parameter at T = 1.0 and adjust the minimal TF for all
modalities. We start with this hyperparameter as it takes only a small discrete
set of values.

10
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2. With fixed minimal TF optimise the regularization coefficients for each mo-
dality. 7 has a noticeable effect on overall peformance.

3. Find the optimal modalities weights 7,,,, m € {s, o, 1, p, n} with all other param-
eters fixed.

The first step yielded the optimal minimal TF for filtering the dictionaries M;: for
semantic roles and SPO triplets it is 2, for sentiment lexicon—1. Results of the second
step: optimisation with regard to 7 are presented in Figure 3 for the first corpus and
in Figure 4 for the second corpus.

Each plot shows the value of F1-score of a model trained on a single feature with
regard to the parameter 7. The results may seem different at first, but they are in fact
quite similar. On both corpuses there is a clear maximum point around 0.8 for all
three features. The difference is that on the second corpus there is a distinct quality
prevalence of SPO and Fillmore roles features over the sentiment lexicon model. One
way to explain this is that the second dataset is significantly larger then the first one
so there is better convergence. In any case, the goal of our research is not to find out
what feature works best to classify opinionated texts but wether their combination
provides a noticeable increase of quality.

—— PO 0801 —— PO .
~ Fillmore roles . = Fillmore roles -
—— Sentiment lexicon

—— Sentiment lexicon

064
065

Fl-score
Fl-score

060

055

060 050

00 02 04 06 08 10 12 14 00 02 04 06 08 10 12 14
Regularization coefficient, T Regularization coefficient, T

Figure 3: Optimal T for Corpus 1 Figure 4: Optimal 7 for Corpus 2

5.2. Lexical baseline

To demonstrate the sensibility of using probabilistic models with complex fea-
tures we will compare our model with a simple bag-of-words baseline. First, we repre-
sent each document with a vector of its words.

Thus the corpus can be viewed as a matrix, where each column is a feature vec-
tor {tf-idf (w, d)},y«p- Next, we clusterize the documents using the k-means algorithm.

The result of the k-means depends on the initial point, so to obtain a more rep-
resentative result we conducted 100 experiments with the baseline and averaged
the results for each corpora. Figure 5 shows the average f1 measure for the baseline
algorithm. The number of iterations show how many experiments were conducted.
The average quality is 0.67 on Corpus 1 and 0.72 on Corpus 2. The result variance
is around 0.5, it is higher on Corpus 1 due to its smaller size.

11
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076 ] . —— LPR and DPR
[ /\ | Paris Agreement

Average score
(=]
o
@

0 2 4 &0 8 100
Number of iteration

Figure 5: Average F1-measure for lexical baseline

5.3. Evaluation results

To evaluate clustering we will be measuring precision, recall and F1-score. Both
datasets have two classes, so the quality for a constant model would be 0.5. The goal
is to determine what defines an opinion. In order to do that we will be training our
probabilistic model with different sets of modalities. They will be comprised of:

¢ Subject-predicte-object triplets (SPO)
¢ Fillmore roles (FR)
¢ Sentiment lexicon (Sent)

In the beginning we train probabilistic models with a single feature to see how
well they can clusterise opinionated news on their own. Then we try combining fea-
tures in pairs: SPO triples together with Fillmore roles (SPO+FR), SPO triples with
sentiment lexicon (SPO+Sent) and Fillmore roles with sentiment lexicon (FR+Sent).
Finally, we evaluate the model using a combination of all three features. The results
are presented in Tables 2 and 3.

Table 2: LPR and DPR Table 3: Trump leaving
enterprises the Paris Agreement
TF-IDF 0.51 | 0.95 | 0.67 TF-IDF 0.57 | 0.97 | 0.72
SPO 0.59 | 0.7 0.64 SPO 0.56 | 0.99 | 0.72
FR 0.86 | 0.49 | 0.65 FR 0.67 | 0.97 | 0.79
Sent 0.69 | 0.57 | 0.66 Sent 0.56 | 0.55 | 0.55
SPO+FR 0.86 | 0.68 | 0.76 SPO+FR 0.72 | 0.99 | 0.83
SPO+Sent 0.83 [ 0.78 | 0.81 SPO+Sent 0.57 | 0.99 | 0.72
FR+Sent 0.9 0.52 | 0.67 FR+Sent 0.73 | 0.97 | 0.83
SPO+FR+Sent | 0.77 | 0.97 | 0.86 SPO+FR+Sent | 0.77 | 0.94 | 0.85

12
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The resulting models that used a combination of all three features significantly
outperformed the lexical baseline. However, single-feature models showed similarly
low quality.

On the first corpus all three models trained with a single feature showed quality
around 0.65. This shows that in the first dataset a single syntactic or semantic fea-
ture is unable to separate news relating to different opinions, which is not surprising.
However, the features gave false classifications on separate groups of news. This fact
allowed models trained on a combination of two features to show a significant growth
of quality with a combination of SPO triples and sentiment lexicon showing the F1-
score of 0.81. Combining all three features yields the best result extending the quality
growth and bringing the F1l-score up to 0.86 mainly on account of notably increasing
recall.

Analysing performance on the second corpus, we can see a similar pattern. Of the
three single feature models only the one using Fillmore roles showed decent quality.
The SPO model had a high recall score but very low precision, while sentiment lexicon
had poor performance overall. Once again, combining the features increased the F1-
score in all three cases. We note very interpretable results in the sense that combining
the two best features yielded the best results of all pairs raising the quality to 0.83.
Similar to Corpus 1 the best score of 0.85 was reached by combining all three features
bringing precision up significantly from single-feature models.

The resulting scores were reached with one point of the modalities weights
T, distribution. A logical question arises: how stable are the optimal points of this
hyperparameter? To answer it we paired the features and conducted experiments
with varying weights distribution. For example, for the feature pair SPO triples and
Fillmore roles we set the weight of the latter with values , € {0, 0.05, 0.1, ..., 1} and
the weight of the triples as 1 — 7,. A similar procedure was done with other pairs of fea-
tures. Results are illustrated in Figure 6 for Corpus 1 and Figure 7 for Corpus 2.
Firstly, let us examine Figure 7. For the pair roles-SPO (third line) the left end shows
a model trained solely with semantic roles, which has the F1-score of 0.79, and the
right end reflects a model using only SPO triples with the F1-score of 0.72. As we move
right, adding more weight to the SPO modalities, quality starts increasing to the point
of weight distribution of {r, = 0.7, 7, + 7, = 0.3} and gradually decreases from there.
A similar result is observed with other feature pairs, allowing us to conclude that the
optimum is stable with regard to feature weights. Moving on to Figure 6 we see, that
on the first corpus the optimal solution is not as stable. All in all, a similar pattern
appears: moving from right to left increases quality to a point, just not as gradually.
Tweaking the weights by 0.1 can change the score notable. There are several ways
to explain this behaviour. Firstly, the dataset itself is quite small so results are less sta-
ble. Secondly, all the single-feature models have relatively low performance on their
own. Further investigation of this issue requires widening Corpus 1 and gathering
additional datasets which we leave for future work.
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Figure 6: F1-score distribution over modalities weights for Corpus 1
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Figure 7: F1-score distribution over modalities weights for Corpus 2

6. Conclusion and Future work

We presented a model for opinion mining in Russian texts that was able to per-
form two-class clusterization with the F1-score above 0.85 on two datasets. We pre-
sented algorithms for mining three syntactic and semantic features: SPO triples, Fill-
more roles and sentiment lexicon and compared them with a baseline lexical model.
The proposed probabilistic model was trained on all three features as well as their
combinations. We demonstrated that combining syntactic and semantic features al-
lowes to classify opinionated texts accurately even when single-feature models show
low quality and provides a significant advantage over the baseline. We collected and
labelled two collections of news on political events to conduct the experiments and
made them available for public use.
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In this work, we did not determine what weights the features should be com-
bined with to provide optimal clustering quality. To put it in simple terms, we proved
that an opinion is defined by mentioned facts, sentiment lexicon and semantic roles
of the words used but did not determine “how much” each feature contributed to ex-
pressing an opinion. Thus, applying the algorithm at its current state on a raw cor-
pus requires some labelled data to optimise the weights. Adapting self-learning tech-
niques requires widening existing datasets and collecting new ones which we plan
to do in the future.
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