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Abstract. The problem of constructing a correct topic model is relevant for the
automatic processing of large collections of text messages tasks. This paper
considers an approach to assessing the topic categorization of a collection of
short text messages (labeled up by experts) based on latent Dirichlet allocation
(LDA). Possible approaches aimed to solving this problem are discussed. As
well the problem of the topics “orthogonality” metrics definition is discussed.
The proposed metrics is based on the numerical results of the document-topic
matrix analysis. Results of a computer experiment with two large collections of
text messages demonstrating LDA based analysis of expert topic models are
presented and discussed.
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1 Introduction

The evaluation of an expert topic model for a collection of text messages is a real
problem when structuring text content and organizing the search for relevant informa-
tion in large collections of documents (messages). Both assessing the adequacy of the
topic model chosen by the expert and searching for options for possible correction of
the original model are included in the evaluation procedure. The description of a topic
model is given through the representation of topic categories as a set of terms ex-
tracted from texts in a corpus.

It seems to us that the most important indicator of the "ideality" of a topic model is
the "orthogonality" of topics that form it. This characteristic of a set of topics implies,
on the one hand, the minimum possible degree of intersection of topics with each
other and, on the other hand, the internal homogenity of each of the topics of the
model. In practical applications, this intuitive definition of "orthogonality" will re-
quire the introduction of either a quantitative metric of this characteristic, or a rele-
vant visualization that allows the expert to evaluate it himself. This problem is the
focus of this paper.

This paper describes the proposed approach to evaluating an existing expert topic
model presented in a collection of short text messages, as well as the results of its



experimental validation using two datasets obtained from online platforms of regional
mass media.

This paper is organized as follows: In Section 2, we provide a review of some of
the works related to the problem of topic modeling for short texts and relevant metho-
dologies. Section 3 describes the proposal for approach that could be used to analyze
a collection of short text messages. Practical validation of the approach is discussed in
sections 4 (experimental setup) and 5 (results). Section 6 details the conclusions of the
work carried out, with the aim of generating discussion points for future work.

2 Background and Related Work

Topic modeling is often applied to organize efficient access to large collections of
texts. However, this application is associated with certain difficulties when working
with short texts, where overlapping words in documents are rare, and topic modeling
procedures have difficulties in the capturing the semantics of topics in such collec-
tions of texts from short documents. These difficulties are mainly due to the fact that
topic modeling does not deal well with sparse term matrices. Therefore, before train-
ing the topic model, such sparse matrices are pre-compressed, for example, using
singular value decomposition (SVD). In terms of statistics, SVD improves the quality
of modeling, but the quality of the model suffers in terms of semantics [2].

Among the well-known classification algorithms, one can single out classical algo-
rithms based on calculating the distance function between documents, for example,
the iterative K-means algorithm or hierarchical algorithms, and based on the principle
of maximizing the likelihood, for example, the probabilistic latent semantic analysis
(PLSA) algorithm [3] and an algorithm based on the improved method of latent Di-
richlet allocation (LDA) [4]. The last two, unlike the classical clustering algorithms
(with hard clustering), assume that each document belongs to several topics at the
same time with some probabilities (fuzzy clustering).

The Latent Dirichlet Allocation (LDA) is a generative probabilistic model of a cor-
pus of natural language texts. The basic idea the model is that the content of the doc-
ument is determined by mixing randomly selected hidden topics, each of which is
characterized by a word distribution [4].

The principal advantage of the LDA model is the presentation of documents, which
reflects the presence of several topics in it to varying degrees.

An actual aspect of the task of classifying documents is the problem of choosing
classification features. A common text model is a representation in which individual
words of the text are considered as separate features. In this case, the set of features is
too large in size. The use of the LDA model is considered as one of the ways to re-
duce the dimension of the feature space. In particular, LDA reduces any document to
a fixed set of real features, namely, posterior Dirichlet parameters associated with the
document.

The LDA models often lack scalability with respect to the vocabulary size. To
learn interpretable word embeddings and topics even in corpora with large vocabula-
ries the Embedded Topic Model (ETM) extending the LDA was developed [5]. The



ETM uses embedding representations of both words and topics and contains two no-
tions of latent dimension. Firstly, the vocabulary is embeded in an L-dimensional
space. Then each document is represented in terms of K latent topics. In fact the ETM
incorporates word similarity into the topic model. Each word is modeled with a cate-
gorical distribution whose natural parameter is calculated as the inner product be-
tween the word’s embedding and an embedding of its assigned topic. One of the pop-
ular word embeddings technique is the word2vec algorithm using a neural network
model to learn word associations from a large corpus of text [6].

Another problem of the LDA approach is in producing flat topics. In [7] the me-
thod for topic detection called Hierarchical Latent Tree Analysis (HLTA) is proposed,
where patterns of word co-occurrence and co-occurrences of those patterns are mod-
eled using a hierarchy of discrete latent variables.

The purpose of our research is an exploratory study, and fairly simple and effective
approach based on LDA was chosen for this study.

Further the following notation from the LDA model will be used.

* A word (term) is a basic unit of discrete data, defined as an element of the dictio-
nary 7, in which the elements are indexed from 1 to V.

* Document w is a sequence of N words: w = (w;, w,,..., wy).

* Corpus D is a set of M documents: D = {wy, Wy,..., Wy }.

The plate notation of the LDA model is shown in figure 1 (adapted from [4]).

¢
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Figure 1. The LDA model.

M

According to this model, the words w; are the only observable variables (the ¥ va-
riable is highlighted in gray), and the rest of the variables are latent variables. This
model is based on the intuitive assumption that the probability distribution of the
words in a topic is highly skewed, so that the set of words that have a high probability
value is small in size [4].

The figure shows the following model variables:

— M is the total number of documents in the corpus.
— K is the total number of topics presented in the corpus.
— N is the number of words in the current document.



— a is the a priori Dirichlet parameter of the distribution of topics among documents.
— pis the a priori Dirichlet parameter of the distribution of words by topics.

— 6, is the distribution of topics for document .

— @y 1s the distribution of words on topic 4.

— z; 18 the topic for the j-th word in document i.

— wyj is the j-th word in document i.

Most of publications on the topic modeling are dedicated to the problem of topics
discovery from a corpus of texts. The issue of applying topic modeling methods to the
task of evaluating the set of topics already existing in the corpus of texts (namely
expert topics) has not received due attention in publications.

Results of our previous research on the problem of diagnostics of the topic model
for a collection of text messages based on hierarchical clustering of terms are pre-
sented and discussed in [1]. As part of the experiment, a graph of terms was con-
structed that reflected the relations and some numerical features of the terms that form
the topic model for a collection of messages. It was demonstrated that the analysis of
the structure of the constructed graph helps in formulation some practical recommen-
dations for reorganization the topic model presented in the expert labeled text collec-
tion.

3 Methods

Variables @ and ¢ in the LDA model can be represented as matrices obtained by de-
composition of the original document-word matrix describing the entire corpus of
simulated documents. In this representation, @ consists of rows defined by documents
and columns defined by topics, and ¢ consists of rows defined by topics and columns
defined by words.

Reflected in @ the decomposition of messages w; in corpus D by basis of hidden
topics z makes it possible to compare subjective expert decisions on the topics of
messages with predictions based on calculations on a large set of text data.

Based on the matrix @ formed for corpus D, the topic attribution vector for messag-
es w; was calculated:

t; = argmaxy 0;,,i =1..M (1)

The comparing of known expert topics of messages with topics calculated by (1) in
an aggregated form was used to diagnose the existing topic model in the corpus D. To
diagnose the thematic model of the corpus, two forms of aggregation were proposed:
tabular and graphical.

As an additional diagnostic tool, it could be possible to carry out procedures for
classifying and clustering messages in the corpus.

The document-topic matrix @ can be considered as the basis for subsequent cluster-
ing (in the case of an unlabeled collection) or classification (for a collection of labeled
documents). The probabilities presented in the matrix can be used as message
attributes during clustering (classification). A simpler version of document clustering



is possible by choosing, for example, z-topic with the maximum probability (by the
maximum value in the matrix row) as the topic of the message.

The presence of a matrix of distribution of topics by terms ¢ allows us to get the
initial data for clustering the terms of the dictionary. The simplest variant of dictio-
nary clustering by topics can be implemented by choosing the maximum value in the
matrix column.

The presence of a pair of matrices 8 and ¢ calculated using LDA makes it possible
to propose a simple algorithm for topic attribution of new documents (not represented
in the training set):

1. Vectorization of a document w in the framework of the "bag of words" model with
the calculation of the weights of terms according to the TF-IDF metric: w = (w,,
Wo,..., WN).

2. Selection (from the "topics-terms" matrix) of column-vectors corresponding to the
terms w; from the document vector: gy, k= 1,...,.K.

3. Aggregating a set of selected term vectors, for example, by sum the normalized

term vectors:
N K
0= @/ ) o) k=1..K
j=1 k=1

4. The resulting vector 6'; after appropriate normalization is interpreted as a document
vector and shows the probability distribution of topics k=1, ...,K for document w;.

4 Experimental Setup

For the experiment, we used two collections of text messages. The first collection D,
contained 65091 text messages marked by experts as related to 10 topic categories
(table 1a). The second collection D, contained 57509 text messages marked by ex-
perts as belonging to 8 topic categories (table 1b).

The datasets for the machine experiment were formed by downloading news mes-
sages from the online platforms of two popular regional media.

As a result of preliminary processing of the text messages collection, the matrix
MT ("messages-terms") was formed. The lemmatized forms of words (obtained as a
result of the messages analysis according to the bag-of-words model) were chosen as
terms. Stop list words were excluded from the terms list in advance. Among 300-400
thousands of extracted lemmas, 1000 most frequent terms were selected into the dic-
tionary 7 for research. The value of the element m¢; of the constructed matrix M7 was
calculated according to the TF-IDF scheme and indicated the frequency of term w; in
the document w;,.

When calculating the LDA for a corpus, the values of the parameters a and S were
set equal to 1/K.

The number of z-topics for the LDA was chosen to be equal to the number of ex-
pert topics in the corpora, i.e. K =10 for D; and K = 8 for D,.



Table 1a. Characteristics of the messages corpus D).

Topic #| Topic title | Number of Average Average mes-
messages message size, |sage lemmas list
words size

1 city 3727 146 109
2 |control 2883 153 113
3 culture 5658 225 162
4  |ecology 1347 151 114
5 incidents 24285 100 82
6  [money 5294 149 107
7  |ofitsialno 869 282 189
8 |people 3752 222 159
9 |society 13732 143 108
10 [sport 3544 150 110
total: 65091 142 107

Table 1b. Characteristics of the messages corpus D,.

Topic #| Topic title Number of Average Average
messages | message size, | lemmas list
words size

1 |culture 8363 262 108

2 |development 2112 215 103

3 economy 6062 175 96

4 |health 4614 126 75

5 sport 13237 156 87

6  |criminal 5864 129 90

7  |society 11186 279 89

8 |accidents 6071 100 73
total: 57509 142 107

5 Results

The aggregated visualization of the matrix € obtained for D; and D, corpora is
shown in figures 2a, 2b. This figures show the distribution of messages in the space
“expert topics — LDA topics”. Heat scale indicates the concentration (ranged from 0
to 1) of messages among expert topics for fixed z topic values. Due to visualization



limitations, only 3% of all messages from corpus D; (D,) were selected in random for
each expert topic.

According to the assumption made us in the introduction, “ideality” of topic model
implies “orthogonality” of topics in some sense. Visual interpretation of the “ortho-
gonality” implies that in the heatmap the greatest concentration of messages related to
expert topic #i is achieved only in a small area corresponding to any LDA calculated
topic #j. At the same time, in the column corresponding to LDA topic #j, there should
be no other highly concentrated expert topics besides expert topic #i. In figure 2a the
expert topic #10 meets this criterion to the best degree among all expert topics, and
expert topic #3 corresponds to a lesser degree. In figure 2b expert topics #4 and #5 are
the best, expert topics #1 and #6 are noticeably inferior to them.

An alternative representation of the same corpus can be given in the numerical
form as aggregated result of comparing the vector of known expert topics in the mes-
sages corpus and the calculated vector ¢*. For both corpora D; and D, the result of
analysis is presented in tables 2a, 2b. The numerical values in the tables reflect the
proportion of messages related to the k-th expert topic, for which the calculated topic
turned out to be equal to z (z =1 ,... , K). Columns in the tables are rearranged in a
way that maximum element in j-#4 column is placed to diagonal as closer as possible.

A tabular representation in tables 2a, 2b turns out to be more convenient for intro-
ducing a formal metric of topic "orthogonality" via taking into account the distribu-
tion of elements ¢;; in the matrix.

This metric for expert topics #i should take into account the degree of dominance
of the value of the element c; and the degree of heterogeneity in the distribution of
elements both in row i and in column ; in the matrix.

Based on the data from tables 2a, 2b, the correlation of expert topics #i and # in
the corpus was also calculated from the ith and jth rows in the tables 2a, 2b. The re-
sults are presented in tables 3a, 3b.

To understand the topics formed as a result of the LDA experiment, for each expert
topic in corpus the list of the first 10 terms that were topically identified according to
formula (1) and had the highest estimate of the skew coefficient are provided in tables
4a, 4b. Corresponding skew values are provided in tables 4c, 4d. The ranking order of
terms in the list was set by sorting by the value of the skew coefficient Sk, which re-
flects the uneven distribution of ratings by topic for the dictionary term in the matrix

Q.
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Figure 2a. Heatmap of the distribution of messages in space of expert topics (from #I to #10)
and LDA calculated z topics (from ¢; to ¢;9). Messages were taken from D; corpus.
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Figure 2b. Heatmap of the distribution of messages in space of expert topics (from #/ to #8)
and LDA calculated z topics (from ¢, to t5). Messages were taken from D, corpus.



Table 2a. Correspondence of expert and LDA topics for messages corpus D,

LDA topics (z)

9 [ 3 4 10 5 8 7 6 2 1

1[011] 0,03 [ 020 | 0,01 | 0,16 | 0,01 | 0,10 [ 038 | 0,01 | 0,00

2 [0,43] 0,01 | 0,06 | 0,11 | 0,01 | 0,01 [ 0,19 | 0,17 | 0,01 | 0,00

3 0,00- 0,04 | 0,00 [ 0,00 [ 0,00 [ 0,00 0,25 0,00 0,00

< [40.15] 0,00 042 | 0.02 | 0,10 [ 0,00 | 0,09 [ 0.22 | 0,00 | 0,00
g 510,07] 0,00 | 0,08 [ 0,29 [ 0,21 [ 0,22 | 0,01 | 0,01 [ 0,00 | 0,11
f: 6 0,32] 0,01 | 0,10 | 0,08 | 0,00 | 0,00 ["0,42 | 0,06 | 0,00 | 0,00
8 [770,15] 0,02 [ 0,06 | 0,00 | 0,01 [ 0,00 | 0,12 - 0,01 | 0,00
8 10,07] 0,16 [ 0,37 | 0,02 | 0,02 | 0,00 [ 0,08 | 0,15 [ 0,01 | 0,11

9 0,13] 0,03 | 0,23 | 0,03 | 0,03 | 0,01 [ 035 | 0,13 | 0,00 | 0,06
10[0,01] 0,03 | 0,05 | 0,00 [ 0,00 | 0,00 | 0,01 | 0,13 - 0,00

Table 2b. Correspondence of expert and LDA topics for messages corpus D,

LDA topics (z)

2 7 8 1 4 3 6 5
i 0,26 | 0,08 | 0,00 | 0,00 | 0,00 | 0,00 | 0,00

2| 0,03 | 005 0,00 | 0,00 | 0,00 | 0,01 | 0,01
=3[ 001 | 003 0,01 | 0,00 | 0,00 | 0,10 | 0,01
£ 002 | 005 0,09 0,01 | 0,00 | 0,01 | 0,01
E 5] 0,02 | 0,04 |0,03| 0,00 0,00 | 0,00 | 0,00
L% 6] 0,00 | 001 |00 000 | 0,00 0,19 | 0,00
710,14 | 0,06 |0.29 0,04 | 0,0l | 0,06 | 0,08 | 0,23

8] 0,00 | 004 |0,04] 001 | 0,00 | 0,36 | 0,11 | 0,43

Table 5 provides the estimates for Naive Bayes classification based on 6; vector re-
presentation for messages. Number of messages sampled from the corpus D; for

learning and testing the classifier was about 10000. The accuracy value was 60%.

It can be seen that with the chosen LDA dimension K=10, relatively good indica-
tors of accuracy and recall are obtained for topics #3, #5 and #10. Messages for topics
#2, #4, #7, #8 are erroneously recognized by the trained classifier as belonging to
other topics. It can be expected that in order to improve the quality of the classifier, an

increase of the K dimension will be required.
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Table 3a. Correlation of expert topics in the corpus D;.

Expert topic

1 2 3 4 5 6 7 8 9 10
1{ 1,00 | 0,30 | 0,10 | 0,72 | -0,30 | 0,11 | 0,86 | 0,45 | 0,39 | -0,13
2030 | 1,00 |-0,18 | 0,27 | -0,17 [ 0,79 | 0,41 | -0,02 | 0,44 | -0,22
30,10 |-0,18 | 1,00 | -0,09 | -0,44 | -0,25 | 0,20 | 0,30 | -0,17 | -0,09
o 41 0,72 | 0,27 | -0,09 | 1,00 | -0,21 | 0,23 | 0,40 | 0,82 | 0,56 | -0,17
§ 51-0,30 | -0,17 | -0,44 | -0,21 | 1,00 | -0,27 | -0,42 | -0,40 | -0,40 | -0,41
g 6| 0111 | 0,79 | -0,25| 0,23 | -0,27 | 1,00 | 0,15 | 0,06 | 0,81 | -0,24
=17 0,86 | 0,41 | 0,20 | 0,40 | -0,42 | 0,15 | 1,00 | 0,21 | 0,27 [ -0,01
8| 045 1-0,02( 030 | 0,82 | -0,40 | 0,06 | 0,21 | 1,00 | 0,48 | -0,20
91039 | 044 |-0,17 | 0,56 | -0,40 | 0,81 | 0,27 | 0,48 | 1,00 | -0,26
10{ -0,13 | -0,22 | -0,09 | -0,17 | -0,41 | -0,24 | -0,01 | -0,20 | -0,26 | 1,00

Table 3b. Correlation of expert topics in the corpus D,.
Expert topic
1 2 3 4 5 7 8

1 1,00 | -0,05 | -0,09 | -0,20 -0,19 -0,27 0,18 -0,39

2 | -0,05 | 1,00 [ 0,99 | -0,06 -0,13 -0,19 | 0,71 | -0,21

o 3 | -0,09 | 09 [ 1,00 [ -0,06 -0,15 -0,18 | 0,68 | -0,21

E‘ 4 | -0,20 | -0,06 [-0,06 [ 1,00 -0,18 -0,22 | -0,29 | -0,31

é 5 -0,19 | -0,13 | -0,15 | -0,18 1,00 -0,20 | -0,44 | -0,31

é 6 -0,27 | -0,19 | -0,18 | -0,22 -0,20 1,00 -0,31 0,55

7 0,18 | 0,71 [ 0,68 | -0,29 -0,44 -0,31 1,00 0,20

g | -0,39 | -0,21 |-0,21 [ -0,31 -0,31 0,55 0,20 1,00




11

Table 4a. Top 10 terms from the lists corresponding to the z-topics identified by the LDA for

corpus D;.
N LDA topic
1 2 3 4 5 6 7 8 9 10
1 |mpo- |Oypan |cmek-  |xu- noxap  |Mysed |kopo- [aTm wrpad |yOuiict-
macThb TaKjib  [BOTHOE HaBHU- BO
pyc
2 |momck [Mar4 |apTHCT [coOaka |MuUC BBI- BEIpac- (cOuth |HApy- |370-
CTaBKa |TH IIeHWE |yMBbIII-
JIEHHUK
3 |Bonon- [aken |My3bl- [pac-  |mokap- [Xymox- |lieHa  |aBapHs [MPOKY- |MOA03-
TEp KaHT CKa3bl- [HBIH HUK parypa |peBathb
BaTh
4 |Bectu [ueMm- |akTép |moue- [oroHm aKnus |mamm- |BoamM- |agMu- |cTpaxka
MTHOHAT My eHT Telb  |HHUCT-
partuB-
HBII
5 |y#itm |komaH- |mecHs  [roBO- |cmaca-  [Mepo- |cpen- |Tpacca [3akoH  |3az;ep-
na pHUTh  |Tenb npu-  [HUiH KaTh
ATHE
6 |uckath [urpa |cmeHa [peG&- |3Taxk Kylb- [CYTKM [exaTb [nmes- pecTy-
HOK Typa TeNb-  |TJIeHHE
HOCTb
7 |poact- [kmy0  |KOHIEpT (MamMa |HOCTy- |mpa3i- |peruoH [macca- |mMpaBo |CyAWTH
BCH- TUTH HUK HKHP
HUK
8 |pon- |[ce3oH |My3BIKa (mO- coo0mie- |KelaTh [4UCIIO0  |TpaBMa |MIIH B030Y-
HBII MOYb |HHE JIATH
9 |cmoT- [cmopt |dunmeM [nenmath |Boda BOGH- [ypo-  |aBTO- |pa3Mmep [yroaos-
peThb HBIN BeHb  [OycC HBIN
10|reno |moGena |Teatp  |poau- |OKHO ydacT- [mocinen (ropora |MuuIM- |nMLIe-
TeIb HUK cnen- OH HUE
HUH
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Table 4b. Skew coefficient values for top 10 terms taken from z-topics identified by the LDA

for corpus D;.
N LDA topic
1 2 3 4 5 6 7 8 9 10

1] 3,15 ] 3,16 | 3,16 | 3,09 | 3,16 | 3,13 | 3,15 | 3,16 | 3,05 | 3,15
2| 296 | 3,16 | 3,15 | 3,09 | 3,16 | 3,12 | 3,12 | 3,15 | 2,99 | 3,15
3 (296 | 3,16 | 3,15 | 2,80 | 3,15 | 2,83 | 3,07 | 3,13 | 2,91 | 3,12
4 2,69 | 3,15 | 3,15 | 2,73 | 3,14 | 2,83 | 3,05 | 3,13 | 2,76 | 3,09
5 (252 | 3,08 | 3,15 2,70 | 3,10 | 2,73 | 3,03 | 3,12 | 2,72 | 3,08
6 | 2,37 | 2,93 | 3,13 | 2,66 | 2,68 | 2,57 | 2,98 | 3,07 | 2,62 | 3,05
7 2,17 | 2,54 | 3,13 | 2,64 | 2,49 | 2,49 | 2,96 | 3,06 | 2,50 | 2,96
8 | 2,00 | 2,36 | 3,12 | 2,57 | 2,06 | 2,47 | 2,90 | 3,04 | 2,48 | 2,92
9 | 1,80 | 2,22 | 3,09 | 2,53 | 1,91 | 2,24 | 2,88 | 2,97 | 2,39 | 2,81
10| 1,66 | 2,06 | 3,07 | 2,47 1,80 | 2,23 | 2,84 | 2,89 | 2,34 | 2,77

Table 4c. Top 10 terms from the lists corresponding to the z-topics identified by the LDA for

corpus D,.
N LDA topic
1 2 3 4 5 6 7 8
1 [covid BBICTaBKa |Kpaxa |OypaH M4C IpOKypa- [roBo-  |MIIH
Typa pHUTh
2 |undex- |Teatp nonmu-  |Mard noxap |Hapyme- |odeHb [paboTa
LHst neickui HUE
3 |kopoHa- |dectu- [myxun- [daxen aBapusi |mTpad 3T0 pyoIH
BUpYC  |Baib Ha
4 |mamueHT |My3el YTOJIOB- |TypHHUP HoXap- |momyde- |Takod  |IpOEKT
HBI} HBI} HUE
5 |maHme- |XyHmox- |B030y- |CIOPTCMEH |ATI 0co60 peO6&HOK rox
MU HHK JIUTh
6 |Bpau HCKyCCT- |yK COpEBHO- |BOIOM- |momdr CBOIt perTHoH
BO BaHHE TeJb
7 |cmydait |criek- cT KOMaHJa |[OCTpa- |aAMUHH- |BpeMsl  [ThIC
TaKJIb JaTh CTpaTHB-
HBIH
8 |cytkm  |KOHKYpC |pd urpa aBTO-  |MONIEH- |HAmI obactb
MOOWIIb |HUYECTBO
9 |Oopsba |kynbTypa |nemo KT po- pasmMep YeJoBEK |paiioH
H30MTH
10 [amucio  |KOHHEPT |MeTHUH |KIy0 ynuna |KpyoHbIH [KOTO-  |[BOpo-
phlit HEXCKHUI
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Table 4d. Skew coefficient values for top 10 terms taken from z-topics identified by the LDA

for corpus D,.
N LDA topic
1 2 3 4 5 6 7 8

1| 283 282 | 283 | 2,83 | 2,83 | 233 | 2,57 | 236
2 2,83 2,80 2,69 2,83 2,83 2,32 1,84 1,99
3 2,83 2,80 2,61 2,83 2,82 2,31 1,77 1,96
4 2,83 2,79 2,57 2,83 2,80 2,08 1,57 1,67
5 2,81 2,79 2,57 2,83 2,80 2,08 1,24 1,42
6 2,73 2,79 2,52 2,83 2,67 1,87 0,90 1,27
7 2,66 2,75 2,41 2,82 2,64 1,66 0,78 0,98
8 2,63 2,03 2,21 2,80 1,77 1,54 0,69 0,84
9 1,65 1,64 2,19 2,79 1,51 1,07 0,36 0,67
10 1,64 1,62 1,68 2,74 0,96 0,57 -0,17 0,18

On the basis of the matrix 6;, a clustering of a random sample of messages using
the K-means method was also carried out. The sample size was 1974 messages, the
number of clusters was 10. Table 6 shows the distribution of the set of sampled mes-
sages from the corpus over the formed clusters. Table rows correspond to expert top-
ics. The table also shows the skewness values calculated from the rows and columns
of the table.

Analysis of the data from this table shows that some of the expert topics, for exam-
ple #3, #7, #10 differ in that most of the messages from them were grouped within
single clusters, while messages from other topics were dispersed over several clusters.
On the other hand, among the formed clusters there are those in which there are
strongly dominant expert topics, for example clusters 1,3,7,9 and those in which the
topics are very blurred, for example clusters 2 and 5.

It is noteworthy that expert topic #5, for which the classifier provides relatively
high values of recall and precision. On the other hand, during clustering, the bulk of
the messages of this set are distributed among three dominant and three subdominant
subsets.

Interpretation of the results shown in Figures 2a, 2b and in tables 2-3, 5-6 allows us
to draw the following conclusions.

1. As result of the analysis of the distribution of messages in corpus the following
types of expert topics could be distinguished:

— topics that mostly retain their “identity”, for example #3 (“culture”), #10 (“sports”)
in corpus D;, and #1 (“culture”), #4 (“health™), #5 (“sport”) in corpus D,.

— topics that are clearly divided into component subtopics, for example, topic #5
(“incidents”) is divided into well-defined LDA z-topics ts, tg, to in corpus D;, and
topics #1 (“culture”), #7 (“society”), #8 (“accidents”) are subjects for possible
splitting in corpus D, as well.



"non-self-sufficient" topics that are combined with other expert topics as part of
LDA z-topics, for example topics #1 and #7, #4 and #8 in corpus D, and topics #2
and #3, #2 and #7, #3 and #7 8 in corpus D,. Tables 3a, 3b shows a clear correla-
tion for such pairs of topics.

Table 5. Performance evaluation for message classification based on the 6, vector.

True/Prediction  |True |True |True [True |True | True | True [True | True | True |class

topic |topic|topic[topic|topic|topic[topic|topic|topic|topic|precision,

1 2 3 4 5 6 7 8 9 10 |%
Prediction topic 1 451 12| 36| 10 2 71 16 151 36| 11 23,7
Prediction topic 2 0 0 0 0 1 0 0 0 0 0 0,0
Prediction topic 3 3 0| 123 0 0 1 1] 22 6 6 75,9
Prediction topic 4 0 0 0 0 0 0 0 0 0 0 0,0
Prediction topic 5 30| 18 1 3| 645 18 1] 20| 79 0 79,1
Prediction topic 6 8| 28 1 51 33| 38 1 4 47 0 23,0
Prediction topic 7 0 0 0 0 0 0 0 0 0 0,0
Prediction topic 8 0 0 1 0 0 0 0 1 0 0,0
Prediction topic 9 26| 27 6| 22| 44| 95 6| 50[ 238 7 45,7
Prediction topic 10 0 1 2 0 3 0 1 1 51 82 86,3
class recall, % 40,2 0,0 72,4| 0,0| 88,6/ 23,9 0,0[ 0,0 57,8 77,4

Table 6. Distribution of messages by clusters.

Expert Cluster Id Skew
topic# 0 T 1 [ 2 [3[4]5]6]7]8]09
1 11| 3] 41 4] o| 11| 26 15 o] o 7.4
2 B3 ol 22 1] 5| 38 ol of 7.8
3 1| 114] 46] o] o 1| of 23
4 of 8 o o 19 ol o 20
5 1| 4] 173] 204] 48] 65| 144] 83 0| 0,7
6 64l o 13 o 10 s4[ 17[ o] o of 75
7 2 2 17 o] o 3] 1 ol of 29
8 11| 21| 23] of 1| 10| 34 4] e 2[ 7.0
9 | 164] 9 36| 4| 10| 45/ 109] 10 23] 1| 1.7
10 4 3] 10| o] o 3] 4] of of 82| 37
Skew | 2,6| 30] 06| 3.2 3.1 05| 1.8] 3.1 2.8] 3.2
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The identification of different types of expert topics as result of presented in corpus
of messages topic model diagnostics can be used for the subsequent reorganization of
the topic model.

2. LDA allows us to represent a collection of texts in a more compact and struc-
tured form (like matrices @ and @), convenient for classifier training or clustering. As
can be seen from table 5, even with a relatively small dimensionality of the feature
space formed on the basis of implicit LDA z-topics, relatively good accuracy and
recall rates are achieved for some expert topics.

6 Conclusion

The results of applying LDA to the corpus of texts could be used to diagnose the ex-
isting expert topic model in the corpus of text messages labeled up by experts. Vague
ideas about the “orthogonality” of topics can be translated into quite measurable nu-
merical metrics through LDA based representation of the corpus.

The discussed in the paper approach to the definition of the "orthogonality" metric
for expert topics was tested using a computer experiment for two large collections of
text messages. The experiment demonstrated the possibility of applying the proposed
approach to the task of diagnosing an expert topic model. The approach could be im-
plemented involving simplified calculations, for example, based on formula (1), or by
carrying out classification or clustering procedures.

The influence of the choice of the value of the parameter K of the LDA-model on
the change in accuracy and recall rates for all expert topics of the corpus of messages
requires a separate study. This will allow evaluating the effectiveness of LDA as a
tool for reducing the dimensionality of space for representing textual data in data
mining.
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