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Abstract

The rapid increase in the number of documents in the digital environment makes analysis and control of documents
difficult. To overcome this complexity, separating and classifying digital documents according to certain criteria is
becoming more and more important day by day. In order to classify documents effectively, various methods include
innovative technigques such as machine learning, deep learning and topic modeling. In this study, LDA (Latent Dirichlet
Allocation), LSA (Latent Semantic Analysis) and NMF (Non-Negative Matrix Factorization) algorithms, which are widely
used in the literature, are used in official documents. Performance comparison was made in terms of topic determination.
It was observed that the NMF algorithm gave the most successful results with -5.217 in terms of ¢_umass metric and 88.1%

in terms of correct classification.
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1. Introduction

Text mining, a sub-branch of data mining, is a method
that allows extracting information from texts. By
applying this method, natural language processing
methods and data mining techniques are used to
discover information from texts in accordance with
the structure of the text language on texts written in
unstructured natural language. Text mining is used for
various purposes such as text summarization, finding
the subject of the text, text classification, text
clustering, keyword extraction, sentiment analysis.
Text Mining is the process of obtaining previously
unknown, potentially useful, structured and organized
data from unstructured and disorganized masses of
electronic text. With the information obtained,
relationships, hypotheses and trends that are not
evident in the analyzed text sources are detected.
Although text mining is considered a part of data
mining, it is different from traditional data mining.
The main difference is that text mining extracts
patterns from natural language texts rather than event-
based databases. In the simplest sense, text mining
studies are data mining studies that accept texts as data
sources and aim to obtain structured data from texts.
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For example; text classification (taxonomy),
clustering, entity extraction, detailed taxonomy
generation, sentiment analysis, document

summarization, entity relationship modeling and topic
modeling [1]. Topic Modeling (TM) is one of the
subfields of text mining. Its main purpose is to reveal
hidden or open issues in documents. It has an
important place among the subfields of text mining,
especially with its increasing importance and studies
in recent years.

Within the scope of this study, a new data set created
from non-confidential (confidential, top secret,
personal, service specific) documents within a public
institution electronic document management system
was examined. This data set includes a total of 2100
Turkish official correspondence documents from three
separate categories, including 700 documents
belonging to 051, 105, 106 Standard File Plan (SSDP)
Codes.

The content texts of the documents are currently
determined by the person who created the document,
which SSDP code will be assigned. The main purpose
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of this study is to use topic model algorithms to
automatically detect SSDP codes according to the
contents of documents. In the study, LDA, LSA and
NMF topic model algorithms were applied for
classification operations performed with Python
codes.

The classification performance results of the topic
model algorithms applied on the data set developed
within the scope of the study were compared and
analyzed. It has been observed that the most effective
results in terms of classification processes are
obtained using the NMF algorithm.

In the continuation of the study, Chapter 2 includes
studies in the literature on the subject, Chapter 3
includes information on the materials and methods
selected and applied, Chapter 4 includes the findings
and discussions of the study, and Chapter 5 includes
results and recommendations.

2. Related studies

Topic model algorithms have been frequently used in
classification processes to distinguish data in recent
years. Topic modeling algorithms are unsupervised
algorithms that enable given documents to be
automatically classified into classes. Topic Model
algorithms are text classification [2], text
summarization [3], [4], keyword discovery [5], [6] etc.
can be used for other purposes.

Tolegen et al. In their study [7] We applied text pre-
processing operations on the "20newsgroups™ data set
created from the news contents, and then LSA, LDA,
PLSA, BigARTM algorithms were applied on the data
set by giving the number of topics as 10, 20, 30, 40,
50 on these texts and the performance of the applied
algorithms was evaluated. Coherence score values
were obtained to measure. As the number of subjects
increases, the coherence score (cv) values for the LDA
algorithm are between 0.48-0.34, for pLSA 0.68-0.57,
for LDA 0.56-0.66, for ARTM 0.57-0.69, for the cooc
method mentioned in the study 0.46-0.42, and for the
tifidf mentioned in the study 0.64-0.64. It was
observed that decreasing values were obtained
between 0.56 and increasing values were obtained
between 0.37 and 0.57 for the w2v method mentioned
in the study.

In another study [8], Haghighi et al. Using 896,867
cleaned tweets about low back pain between January
1, 2014 and December 31, 2018, they applied text pre-
processing operations on the data set they obtained
and performed LDA, Dirichlet multinomial mixture
(DMM), GPU-DMM, Biterm Topic Model (BTM) on
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the obtained data. NMF topic model algorithms were
applied and coherence score values were used to
measure the performance results of the algorithms.
The best coherence score value was obtained as 0.562
when the data in the data set was divided into 60 topics
using the LDA algorithm.

Aydm and Hallag in their studies [9] Text pre-
processing processes were applied on the data set
created from current Turkish news, which includes 4
categories: economy, sports, politics and culture, and
100,000 samples for each category, 400,000 in total.
Afterwards, 400 new news items that were not
previously included in the training data set were given
and tested for testing purposes as training data. The
classification results applied on the data set with the
LDA algorithm were evaluated with two different
performance methods proposed in the study. The first
and second methods achieved 94.2% and 90.9%
accuracy, respectively.

Giiven et al. [10] used a total of 4200 news data sets
from 7 classes, 600 from each class, in their study.
Text pre-processing operations were applied on the
news contents in the data set and then LDA, LSA,
NMF, n-GDA topic model algorithms were applied on
the pre-processed texts and the results were compared.
The applied LDA algorithm was found to reach the
highest accuracy with 82.1% and 71.5% for five and
seven classes, respectively. When only the number of
classes was given as 3, the NMF algorithm was more
successful with 95%. In all methods, it was observed
that the least successful method was classical LDA,
and the most successful was LSA. The n-GDA method
mentioned in the study was modeled in 2 stages in the
study, and the 2-GDA method provided an accuracy
increase of approximately 4% to 9% for all classes
compared to the classical GDA method.

In their study by Kaya and Giilbandild1 [1], Robert et
al. LDA and Correlated Topic Models (CTM),
Structural Topic Model (STM) algorithms were
applied on the "Poliblogs5k” data set, which is the data
set used in the study [11], using the methods and
variables used in [11]. For all algorithms, the number
of topics was used as 20 and the number of words was
10. To evaluate the results of the algorithms,
comparisons were made with coherence score,
perplexity and running times. The highest coherence
score value was found to be 0.509 with the Structural
Topic Model (STM) type 3 method specified in the
study.

Giiven et al. In their study [12], Tweets on the data set
created from a total of 4000 data samples of 800
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tweets obtained from Twitter for each emotion of 5
different emotions, including "angry, fear, happy, sad
and surprised", were manually labeled and 80% of the
data set was determined. 20% was used for training
and 20% for testing purposes. Two different data sets
with 3 and 5 classes were used. After pre-processing
processes were applied on the texts, the performance
results of the n-stage LDA method proposed in the
study were compared with the LDA, LSA and
Probabilistic-Latent Semantic Analysis (P-LSA)
algorithms. As a result of the operations applied on
data sets with 3 and 5 subjects, the classification
success of the 2-stage proposed n-stage LDA method
increased by 10-15% compared to the classical LDA
method, and the 3-stage one increased by 11-21%
compared to the classical LDA method. A lower
performance result was obtained than the performance
result of the method. In terms of running time, the
LSA method was determined to be the fastest working
method. It was observed that the 3-stage LDA method
worked in a time close to the LSA method, and the p-
LSA method was the slowest.

Altintas et al. In their study [13], text pre-processing
was applied on the data set consisting of 109,243 user
comments obtained from posts about cancer disease
on the social sharing platform "reddit", and LDA, LSA
and NMF topic model algorithms were applied on the
pre-processed comments. When LDA, LSA and NMF
topic model algorithms were applied by giving the
number of topics as 5 in the algorithms, the most
successful coherence score results were generally
obtained with the LDA method. With different
parameter values given to the LDA method,
consistency score results between 0.498 and 0.538
were obtained when the number of subjects was 5.
Since the most successful coherence score results
were obtained with the LDA method, operations such
as finding keywords on the comments and word cloud
analysis were applied using the LDA method in the
continuation of the study.

Preetham MC et al. In their study [14], numerical word
vectors of the texts were created after text pre-
processing operations were applied on the data set
created with 1740 scientific research articles obtained
from the New York City University website. In the
study, it was aimed to classify documents with LDA
and NMF algorithms and the performances of both
algorithms were compared. The average coherence
score value for the LDA algorithm was found to be
0.5282. The average coherence score value for the
NMF algorithm was found to be 0.4937, the optimum
number of topics was determined to be 9. With the
LDA algorithm, the highest coherence score value was
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obtained as 0.55821 when the number of topics was
given as 22. With the NMF algorithm, the highest
coherence score value was obtained as 0.52012 when
the number of subjects was given as 9. Generally,
more successful results were obtained with LDA than
with NMF.

There are various studies in the literature on the
automatic assignment of SSDP codes of documents
for classification processes. In the study conducted by
Binici [15], a data set consisting of 169 documents
was created, 112 of the created data set were used for
training and 57 for testing purposes. By applying
Support Vector Machine (SVM), one of the machine
learning algorithms, on the data set, 87.72%
performance was achieved as a result of the
classification operations. In our previous study on text
mining [16], official correspondence documents were
classified by applying Logistic Regression, Neural
Network, SVM, Tree, Random Forest, Naive Bayes,
kNN algorithms on the data set in the study to
automatically classify SSDP codes.

3. Materials and methods

3.1. Dataset and preprocessing

In this section, the data set features used in the study
and the text preprocessing steps applied on the data set
are mentioned.

3.1.1. Data set

In the study, a data set obtained from a total of 2100
documents with anonymized content within the scope
of KVKK, which does not have any confidentiality,
including 700 for each code with 051, 105, 106 SSDP
Codes, was used as the data set in a corporate
Electronic Document Management System (EBYS).
The created data set consists of three main columns;

- Document Content text: Documents that do not
contain personal information or confidentiality

- Current SSDP Code of the Document: It represents
the SSDP Code that the people who created the
document wrote into the document as SSDP code
information when creating the document.

- Edited SSDP Code of the Document: It represents a
new column in which it is manually checked whether
the correct SSDP code has been written in the
document by the people who created the document,
according to the content text of the document, and the
incorrectly written SSDP code is corrected and added.

The standard file plan is a structure consisting of
certain code numbers, subject headings, sub-headings,
retention periods and storage codes specified for each
code, under the same heading, for documents within
the scope of related subjects. It was created to provide

2492

Bozdogan et al / Comparison of Traditional and Modern Topic Model Algorithms in Terms of Topic Determination in

Official Documents



Journal of Engineering Research and Applied Science

a common standard filing and archiving system in
public institutions and organizations [17], [18]. SSDP
codes and names of the documents used in the data set
are shown in Table 1

Table 1. SSDP codes and names in the data set created in

the study
SSD(I:OI(;/Laster First Name
051 Scientill:;lce:{i]gg(;ultural
105 Course Schedules
106 Exam Schedules

3.1.2. Pre-Processes applied on the data set

Text preprocessing operations were applied
sequentially on the data sets in the following order.
The reason why the stopwords removal process was
applied again in the 9th step was that after the root of
the words remaining from the previous stopwords
removal step was obtained, the stopwords could be
found again in the word roots.

1. Converting all characters to lowercase: It is the
process of converting all characters in the text to
lowercase.

2. Removing punctuation and special characters:
Removing punctuation and special characters from the
text. This step removes punctuation marks and special
characters such as commas, periods, and exclamation
points in the text.

3. Cleaning numbers and figures: It is the process of
removing the numbers and figures in the text from the
texts.

4. Cleaning extra spaces: Removes more than one
space character from the text .

4. Cleaning HTML tags: It is the process of cleaning
the information of HTML tags in the text.

5. Url information cleaning: It is the process of
cleaning the URL (Uniform Resource Locator)
information in the text.

6. Removing Turkish stopwords: Stopwords are words
commonly used in the language that do not generally
carry meaning, and the stopwords list published by
Aksoy and Oztiirk was used as the stopword word list
in the study [19].

7. Removing the words in the newly created list of
ineffective words: The words in the list of words that
are not distinctive in determining the SSDP code in the
expressions that appear routinely and repeatedly in the
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documents in the data set have been removed from the
text.

8. Obtaining the roots of words: The roots of the words
were obtained using the Zemberek library [20] , [21] .
9. Removing Turkish stopwords: Stopwords are words
that are commonly used in the language and are
generally considered unimportant in text analysis
processes.

10. Removing the words in the newly created list of
ineffective words: The words in the list of words
created from words that do not have any
distinctiveness in determining the SSDP code in the
expressions that appear routinely and repeatedly in the
documents in the data set have been removed from the
text.

The list specified in articles 7 and 10 is composed of
words that are not distinctive in determining the SSDP
code in the expressions that appear routinely and
repeatedly in the documents in the data set. For
example, "I request for your information™, "I request
for your information what is necessary", "'l request for
your information what is necessary" in the official
documents. Expressions such as are standard
expression patterns that should be included in official
documents in accordance with the status of the
document. They were removed from the document
content texts as it was thought that they would not
have any distinguishing effect in distinguishing the
SSDP code of the document.

In order to apply topic model algorithms on the data
sets used, the texts must be converted to digital format.
For this, Term Frequency-Inverse Document
Frequency (TF-1DF) digitization method was used.

3.2. Topic model algorithms

In the study, LDA, LSA, NMF algorithms, which are
topic model algorithms, were used to classify the texts
in the data sets. This part of the study includes
information about LDA, LSA, NMF algorithms.

3.2.1. LDA algorithm

LDA algorithm is one of the most widely used topic
model algorithms in the literature and Blei et al. It was
developed in 2003 by [22]. This statistical model is an
unsupervised topic model algorithm that aims to
separate documents into different topic groups based
on the weights of words within the documents [23],
[24], [25], [26]. This algorithm is an unsupervised
topic model algorithm that divides documents into
topics depending on the weight of the words that make
up the documents. The fact that the algorithm is
unsupervised means that manual inferences can be
made in the process of determining which topic groups
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produced represent which topic groups represent [24],
[27]

LDA enables parsing documents into a certain number
of subjects or topics. These topics are represented by
a model in which the topics within each document are
distributed in a certain proportion, and each topic is
distributed in a certain proportion of words. These
distributions allow for a clearer understanding of the
meaning contained in documents. The basic logic of
LDA is based on the assumption that the topics
contained in the documents and the words in each
topic have a certain structure. In this way, each
document consists of a specific topic group, and the
semantic structure of the documents is revealed by
determining the relationships between these topic
groups [25] , [26], [28] .

3.2.2. LSA algorithm

Deerwester etal. It was first proposed by in 1990. It
is also known as LSI and was developed to analyze
hidden semantic relationships in documents [29]. LSA
is a topic model algorithm designed to make sense of
the semantic structures contained in documents. This
algorithm discovers semantic connections between
words contained in a document and represents these
connections through basic concepts, namely "topics".
Essentially, LSA performs a mathematical abstraction
process that represents the content of documents in a
more meaningful way and makes it possible to group
documents with similar meaning. In this way, it
becomes possible to reveal hidden meaning
relationships in large document collections and
perform semantic analysis. The working logic of the
LSA algorithm is to convert documents into a
document-word matrix, analyze the frequency of
words in documents with the TF-IDF method, and use
the Singular Value Decomposition (SVD) method. It
is based on applying noise reduction and dimension
reduction on the matrix and thus revealing important
information representing the documents [30], [31].

3.2.3. NMF algorithm

The NMF algorithm is a concept introduced by
Paatero and Tapper in 1994 and refers to an algebraic
model that transforms the matrices created by
documents into  lower-dimensional — matrices
containing non-negative values [32]. This algorithm
works based on non-negative factorization of
matrices. While non-negative factorization refers to
the factorization of a matrix, NMF imposes a
restriction that each element of this decomposition has
non-negative values. This constraint enables the use of
positive elements to ensure the representation of
documents, allowing a more meaningful extraction of
the topics and features they contain. The main purpose
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of NMF is to reveal hidden structures in document
collections by separating the data matrix into its non-
negative factors. This algorithm is an effective tool in
determining the topics and features of documents and
finds a wide range of applications, especially in areas
such as text mining, knowledge discovery and content
analysis. Additionally, the non-negative constraints of
NMF make the information extraction processes more
meaningful and useful, ensuring that the resulting
factors are more interpretable and more suitable for
real-world applications. In this context, the NMF
algorithm has an important place in information
extraction tasks such as document classification and
topic modeling [33].

3.3. Evaluation methods

The most common method that can be used to evaluate
the performance results of Topic Model algorithms is
to manually infer the topics that the keywords in the
topics can represent and, based on this inference, to
check whether the correct topics are assigned to the
documents. Apart from this, there are some evaluation
metrics in the literature. These are coherence score
[34] and perplexity [35] values.

In the study, the performance of topic model
algorithms implemented using the u_mass sub-
approach of coherence score, one of the evaluation
methods mentioned above, was evaluated. In addition,
the performance of the results was interpreted based
on the keywords obtained manually for each topic.

3.3.1. Coherence score (theme coherence)
Coherence Score is an evaluation method used to
measure topic consistency as a result of the application
of topic model algorithms. There are different sub-
approaches for the Coherence Score value: c_v, c_p,
C_umass c_one-any, ¢_uci, ¢_npmi, c_a values [1],
[36]. Among these approaches, the most frequently
used in studies in the literature are ¢_v and ¢_umass
values.

The formula of the coherence score ¢_umass metric
value used to evaluate the results in the study is stated
in Equation 1 [7], [37].

Coherence Score (umass)

B 2

N.(N —1) .

N i—
=2

2.

Jj=1

1)

Here " P(w;)" refers to the number of documents
containing the word w;, " P(w;. w;)The expression "
represents the number of documents containing both
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w; and w;. The term ¢ is added to avoid log(0)
evaluation. Closer to 0 of the coherence score ¢_umass
metric value indicates higher topic coherence [38].

3.3.2. Perplexity

It is a metric that measures how successfully a topic
model predicts the topics of new data. It may give
misleading results because it cannot find the
relationship between the topics or the words in the
topic, and may not have a sufficient indicator value for
evaluation when used alone [1], [39].

A lower perplexity value indicates that the model is
more successful in explaining the analyzed documents
[33].
The formula for the perplexity value is stated in
Equation 2 [40].
1 k
PPL(LM,W) = exp{— 2 2
i=1

1=
log log LM(w;|wy.;—1) }
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Here, log log LM (w;|wy.;—1) , i. is the log-likelihood
value of the symbol based on previous symbols
Wi |Wyiq

4. Findings and discussions

The data obtained as a result of the application of
LDA, LSA, NMF topic model algorithms on the data
set created within the scope of the study are mentioned
in this section.

When running each of the Topic Model algorithms,
the value of the topic number parameter is given as the
number of classes of data in the data sets. As a result
of the work of the algorithms, it is aimed to divide the
texts in the data set into as many classes as the given
number of classes.

Table 2 , Table 3 and Table 4 include the keywords
obtained for each topic information as a result of
applying the LDA, LSA and NMF topic model
algorithms, respectively, on the data set used in the
study.

)
Table 2. The top 5 words detected in the topics as a result of the application of the LDA Topic Model algorithm to the
data set.
LDA
word 0 Word 1 word 2 word 3 word 4
Topic 0 | effective | workshop | university | conference faculty
Topic 1 lesson program | teaching depa:tmen branch
Topic 2 exam program section year period
Table 3. The top 5 words detected in the topics as a result of the application of the LSA Topic Model algorithm to the
data set.
LSA
word 0 word 1 word 2 word 3 word 4
Topic 0 exam program period year lesson
Topic 1 exam spring Search prepare final
Topic 2 | effective | conference | workshop plan exam
Table 4. The top 5 words detected in the topics as a result of the application of the NMF Topic Model algorithm to the
data set.
NMF
word 0 word 1 word 2 word 3 word 4
Topic 0 exam program section year period
Topic 1 lesson department | branch teaching program
Topic 2 | effective | conference | faculty plan workshop
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Table 2 , Table 3 and Table 4 are examined, it can be
deduced which class each topic refers to from the top
words representing the class. For example; When
Table 4 is examined, it can be concluded that Topic 2,
which is the topic containing the words "active",

"workshop", "conference", "plan”, "faculty", can refer
to the class coded 051 (scientific and cultural
meetings). It can be concluded that Topic 1, which is
the topic containing the words "course", "program",
"instruction”, "department", "branch", can refer to the
SSDP coded class 105 (course programs). It can be
concluded that Topic 0, which is the topic containing
the words "course", "program", "instruction",
"department”, "branch", can refer to the SSDP coded
class 106 (exam programs).

In Table 5, Table 6 and Table 7 , as a result of
applying the LDA, LSA and NMF topic model
algorithms, respectively, on the data set used in the
study, how many of each topic class are calculated as
a result of applying the topic model algorithms for
each original class information (SSDP Code) given at
the beginning. The number and rate of predictions are
shown. For example, in Table 5, as a result of the
application of the LDA topic algorithm on the data set,
the class of 569 documents out of a total of 700, whose
SSDP code was initially given as "105" by the people
who created the document, was classified as "Topic
1"

The "Original Class" column in Tables 5,6,7 contains
the SSDP Code information written on the document
by the users who created the document in the data set.
The "Predicted Class" column contains the SSDP
Code information predicted for the documents as a
result of the application of the topic model algorithm
on the data set. The "Number of Rows" column
indicates the number of predictions made as a result of
the topic model algorithms for each SSDP code, and
the "Row Rate" column indicates the ratio.

Table 5, Table 6 and Table 7 are examined, it can be
deduced which of the original class labels each
predicted topic information corresponds to. For
example; In Table 7, out of a total of 700 documents
whose SSDP code was given as "051" by the people
who created the document, 690 (98.571%) were
classified as "Topic 2" as a result of the NMF
algorithm, 9 of them ( 1.286 % ) were classified as
"Topic 1" and 1 of them was classified as "Topic 1" as
a result of the NMF algorithm. (0.143 % ) is classified
as “Topic 0”. Based on this, since the largest number
of classification predictions were made as "Topic 2",
it can be deduced that the class expressed as "Topic 2"
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as a result of the NMF algorithm corresponds to the
"051" SSDP code class label. Since the highest
number of "Topic 1" classification predictions were
made for 700 documents with the SSDP code
numbered "105", it can be deduced that the class
expressed as "Topicl"™ as a result of the NMF
algorithm corresponds to the "105" SSDP code class
label. Since the highest number of "Topic 0"
classification predictions were made for 700
documents with the SSDP code numbered "106", it
can be deduced that the class expressed as "Topic 0"
as a result of the NMF algorithm corresponds to the
"106" SSDP code class label. In line with the same
logic, in Table 5, since the SSDP code of 569
(81.286%) of a total of 700 documents whose SSDP
code was given as "105" was estimated as "Topic 1"
as a result of the application of the LDA algorithm, the
SSDP Code numbered 105 of "Topic 1" was used as
SSDP. Since the SSDP code of 563 (80.429%) of a
total of 700 documents whose code was given as 106"
was estimated as "Topic 2" as a result of the
application of the LDA algorithm, the SSDP Code of
"Topic 2" was determined as 105, and the SSDP code
numbered 105 was used for a total of 700 documents
whose SSDP code was given as "051". Since the
SSDP code of 619 (88.429%) of the documents was
estimated as "Topic 0" as a result of applying the LDA
algorithm, it can be concluded that "Topic 0"
corresponds to the SSDP Code numbered 051.

According to the results in Table 6, although the
number of classes was given to the algorithm as 3 for
the classification process of the LSA algorithm, it was
seen that the documents were divided into only 2
classes as a result of the data classification process. It
is thought that this may be due to the fact that the
documents belonging to the codes "105" and "106"
have semantically similar contents to each other.

Table 5, Table 6 and Table 7, it can be said that as a
result of the application of LDA and NMF algorithms
on the data set, the most successful classification
process for both algorithms was achieved for the
"051" code. It has been observed that the most
successful results for all algorithms are generally
achieved with the NMF algorithm.

According to the Coherence Score (c_umass) values
in Table 8 , as a result of applying topic model
algorithms on the data set, it was seen that the most
successful topic classification result was the NMF
algorithm.
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Table 5. Numbers and ratios determined according to the original class and predicted class as a result of the application
of the LDA Topic Model algorithm to the data set.

LDA
Original Grade | Predicted Class | Number of Rows | Row Rate (%)

105 Topic 0 84 12

105 Topic 1 569 81,286
105 Topic 2 47 6,714
106 Topic 0 41 5,857
106 Topic 1 96 13,714
106 Topic 2 563 80,429
051 Topic 0 619 88,429
051 Topic 1 58 8,286
051 Topic 2 23 3,286

Table 6. Numbers and ratios determined according to the original class and predicted class as a result of the application
of the LSA Topic Model algorithm to the data set.

LSA
Original Grade Predicted Class Number of Rows | Row Rate (%)
105 Topic 0 698 99,714
105 Topic 2 2 0.286
106 Topic 0 697 99,571
106 Topic 2 3 0.429
051 Topic 0 115 16,429
051 Topic 2 585 83,571

Table 7. Numbers and ratios determined according to the original class and predicted class as a result of the application

of the NMF Topic Model algorithm to the data set.

NMF
Original Grade | Predicted Class Number of Rows | Row Rate (%)
105 Topic 0 53 7,571
105 Topic 1 610 87,143
105 Topic 2 37 5,286
106 Topic 0 551 78,714
106 Topic 1 109 15,571
106 Topic 2 40 5714
051 Topic 0 one 0.143
051 Topic 1 9 1,286
051 Topic 2 690 98,571

Table 8. Coherence score (¢c_umass) values obtained as a result of applying Topic Model algorithms on the data set.

Topic Model Algorithm

Coherence Score (c_umass)

LDA -6.444
LSA -10,908
NMF -5.217
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5. Conclusions and recommendations

The aim of the study is to classify official documents
according to their SSDP code using topic model
algorithms. LDA, LSA and NMF algorithms were
applied on the data set created from 2100 documents
obtained from a corporate electronic document
management system, and the official documents in the
data set were classified into classes.

As a result of the classification process of documents
with topic model algorithms, it has been observed that
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