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automatically identify topic relevance and track thematic trends over time.
Such insights are valuable for journal management and enable researchers to
access detailed information about evolving areas of study. Latent Dirichlet
Allocation (LDA) is a widely used method for topic modelling, effectively
extracting topics from textual data. However, its performance can be further
enhanced through optimization techniques such as Genetic Algorithms (GA).
This study introduces an intelligent GA-LDA framework designed to optimize
word subsets for LDA, thereby improving its predictive capabilities. The
proposed system is applied to a dataset of 928 abstracts from a Turkish-
language academic journal specializing in accounting and finance, covering
publications from 2005 to 2020. The genetic algorithm selects optimal word
subsets for LDA analysis, with perplexity scores serving as the fitness function
to guide the optimization process. Experimental results demonstrate that the
GA-enhanced LDA significantly improves classification accuracy and topic
modelling performance. This study not only underscores the potential of GA-
LDA in handling unstructured text but also provides a robust tool for
advancing automated content analysis in Turkish academic literature.

Keywords:
Topic modeling; Text Mining; Latent
Dirichlet Allocation; Genetic Algorithm.

1. Introduction

The number of studies working for social sciences is increasing each day. Extracting meaningful
data from these unstructured articles (i.e. text files without a classification system) is a great
challenge. The necessity to automatically classify and label documents collected in digital platforms
emerges. Topic modeling is one of the most powerful techniques in text mining for data mining, latent
data discovery, and finding relationships among data and text documents [1]. Topic modeling
identifies and classifies latent topics of each document [2]. There are various methods for topic
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modelling; Latent Dirichlet Allocation (LDA) is one of the most popular one in this field. LDA can be
used to find related topics within unstructured text [3]. LDA is used for various subjects such as
diabetic complication prediction [4], cardiology record label classification [5], modeling healthcare
data [6], analyzing road safety inspections [7], language identification [8]. Improving the performance
of LDA is also studied by various researchers as explained in the next section. The performance of the
analysis may vary depending on the words used. Some of the words may be redundant when using
with LDA analysis. It is possible to improve the performance of LDA by eliminating unnecessary words.
In this study genetic algorithm is employed to select the word subset for LDA in a way that will
increase the prediction power of LDA. Turkish is one of the languages that is used in natural language
processing studies. Turkish language was subject of document classification [9-11] and sentiment
analysis [12—-14]. Moreover, topic extraction form Turkish language documents using LDA has been
also studied [15-17].

In this study an intelligent system is developed to automatically classify the academic papers
written in Turkish language. Contribution of the study can be summarized as below:

i.  All of the articles published in the Journal of Accounting and Finance which publishes
academic articles in Turkish language are investigated. Journal is one of the leading
academic journals in the fields of accounting and finance in Turkey.

ii. A system based on GA and LDA to automatically label the articles are developed. In
proposed system GA selects the best word subset to improve the prediction power of LDA.

iii.  Classification results of proposed method are compared with the opinions of an expert.
iv.  Proposed system is evaluated with whole dataset and results are visualized.

The remaining of this paper is organized as follow. Section 2 reviews the related literature. Section
3 describes Genetic Algorithm and LDA techniques. Section 4 presents the proposed methodology
and describes the dataset as well as results of the analysis. Finally, Section 5 concludes this paper.

2. Literature Review

There were various studies about enhancing/improving the performance of LDA. For example,
Shams and Dastjerdi [18] developed enhanced LDA for aspect extraction. They integrated LDA and
co-occurance analysis to increase the performance of LDA. They applied their proposed method to
texts written in Persian and English. They conclude that their method can be applied to all languages
with reasonable accuracy. Yeh et al., [19] developed Conceptual Dynamic Latent Dirichlet Allocation
(CDLDA) for topic detection. Their model considers temporal features by introducing dynamic
concepts. Guo et al., [20] addresses the problem that traditional LDA ignores some of the semantic
features hidden inside the medium and long texts. They proposed to refine the document into
different semantic topic units before applying LDA. They report that their proposed method
outperforms traditional LDA.

In literature, many studies have been conducted in different disciplines related to Latent Dirichlet
Allocation (LDA) modeling, which is one of the subject modeling methods. Some of these studies are
summarized as follows in chronological order.

In their study, Lin et al., [21] extracted and processed abstract data from the Society of
Neuroscience (SFN) annual meeting abstracts during the period 2001-2006. They employed Latent
Dirichlet Allocation (LDA) method to extract topics from this data. Data cleaning and disambiguation
methods are constructed a unified database. Using natural language processing, text mining, and
other data analysis techniques, they examined the demographics of scientific collaboration network,
the Dynamics of the field over time and major research trends. They report that the results of their
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work can be useful for scientists, policy makers, and funding agencies seeking to gain a complete and
unbiased picture of the community structure.

Lienou and Maitre [22] interested in the annotation of large satellite images, using semantic
concepts defined by the user. They first annotated the images and then LDA model is used. After
training process, the model is used to annotate the unseen images. Celikyilmaz et al.,, [23]
investigated the application of the LDA model to the question-answer system. They calculated the
similarity between the questions asked by the users and the answers given by the respondents, and
ranked with LDA. In their studies, Ekinci and Omurca [24] tested the Latent Dirichlet Allocation model,
which is one of the subject modeling methods, to extract product features through hotel-related user
reviews. There were 1000 reviews written in Turkish language. From the experimental results, it was
determined that a successful feature extraction was made with the modeling method of LDA.
Pavlinek and Podgorelec [25] developed a self-training LDA (ST-LDA) method to overcome the
problems encountered when only a small set of labeled documents is available. They used 11 small
initial labeled sets to assess the performance of proposed model. They report that ST-LDA method
performed significantly better in terms of classification accuracy.

Atici et al., [26] determined product aspects in customer complaints by using LDA. There were
9378 complaints belongs to 6 firms. The aim of their study was to determine complaints and
dissatisfactions about products, service or companies from the complaints in a website dedicated to
complaints. Li et al., [27] used the LDA model to digitize and visualize the Financial Stability Report.
Unlike digital data, text data expresses more information and intuitive senses. In their study, the
Chinese Financial Stability Report was analyzed by LDA modeling to measure financial stability. As a
result of LDA modeling, the basic terms and specific terms of each subject can be drawn with each
field in finance. They analyzed 5-year or annual issues, thus revealing a design matrix and analyzing
financial stability trends. At the end of the study, iy was easily depicted using teh macro environment
word cloud in finance.

Onan [15] measured the predictive success of machine learning classifiers in sentiment analysis
by testing them with sentiment analysis based on Latent Dirichlet Allocation in Turkish twitter
messages. Author used five different learning algorithms in the study. As a result of the tests, it is
determined that the LDA method is a suitable, effective and concise method for classifying Turkish
text documents. Drosatos et al., [28] presented an analysis of eHealth topics and trends in published
literature indexed in PubMed, based on unsupervised topics modeling and trend analysis. Their
findings indicate a slightly declining publication trend when compared to the overall PubMed corpus
growth. Guven et al., [16] used LDA to classify the emotions in tweets. They employed normal LDA
and n-stage LDA models. There are 4000 tweets written in Turkish language in the dataset. There are
five emotions. These emotions are; happiness, fear, surprise, anger and sadness. Classification results
are presented.

Hagen [29], evaluated e-petitions, a popular tool used for political activities, with content analysis
LDA models. Author stated that since e-petitions are based on unsupervised machine learning, a
reliable training and verification process is required. In this study, the subject modeling algorithm
LDA and e-petition data were used and a framework for verification is explained. With rigorous
training and evaluation 87% of LDA-generated topics made sense to human judges. Bastani et al.,
[30] investigated the complaints received by The Customer Financial Protection Bureau (CFPB). To
authors, since the number of complaints is increasing over time, it is not practical to review the
documents manually. They developed an intelligent system to analyze narratives automatically and
provide insightful knowledge to the experts.
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Bailon-Elvira et al., [31], used LDA for topic modeling in the official Bulletin of the Spanish
government (BOE). The analyzed the data in the suggestion system in the Official Bulletin of the State
of Spain with LDA. All meta-data of the documents published in the proposal system were analyzed
to know the scope 1of the system. As a result of the analysis, they found that more than 89% of the
documents cannot be recommended, because they are not well described at the documentary level,
some of their key meta-data are empty. Therefore, it proposes a method that automatically labels
document based on LDA. As a result of this test, they found that using this approach, more than twice
the documents currently made by the system can be proposed. Gangadhara and Gupta [32] define
the names in agricultural documents using LDA-based subject modeling technique. Plant names, soil
types, pathogen names, plant diseases and fertilizers have been identified in the field of agriculture.
They tested the model using 3000 sentences. The result of the analysis was evaluated by the
authorized people and 80% accuracy was provided. Chang et al., [33] applied NLP to analyze
environmental education research topics from 2011-2020, using text mining, cluster analysis, LDA,
and co-word analysis on Web of Science abstracts. Expert reviews and TF-IDF-based cluster
techniques identified seven categories, and comparisons between K-means and LDA indicated largely
consistent topic groupings. These results underscore the usefulness of Al-driven methods for refining
and interpreting environmental education research trends.

Sharma et al., [34] presented a comprehensive review of 8,320 Scopus-indexed publications on
smart cities from 2010 to 2022, analyzed using Latent Dirichlet Allocation. It identifies key research
trends, highlights notable international collaborations among institutions and authors, and concludes
with the need for deeper investigation into rapidly growing areas of loT-driven smart city research.
Modzik et al.,, [35] presents a large-scale bibliometric literature review of 116,759 supply chain
research documents (1969-2021) to identify prevalent themes and trends, including the impact of
COVID-19. Thirteen distinct research domains emerge—ranging from ecology and IT support to
inventory management and disruptive risk—offering a comprehensive overview of how supply chain
scholarship has evolved over the past four decades. Park et al., [36] identifies research trends on the
metaverse by analyzing 451 publications through Latent Dirichlet Allocation, revealing six main topics
(e.g., virtual and real-world engagement, crypto marketplaces, game-mediated communities). The
findings indicate a notable increase in metaverse-related studies since 2007 and suggest future
directions for research in virtual education, commerce, and identity representation. Shashank and
Behera [37] examines the factors that influence product recommendations in women’s e-commerce
clothing by analyzing a diverse set of online reviews using Latent Dirichlet Allocation and natural
language processing techniques. Findings highlight that product quality, consumer satisfaction, and
the overall shopping experience play crucial roles in shaping positive recommendations, while
clothing categories and review lengths further impact recommendation likelihood.

The reviewed studies demonstrate that Latent Dirichlet Allocation (LDA) and its various
extensions or adaptations (e.g., enhanced LDA, Conceptual Dynamic LDA, self-training LDA) have
been successfully employed in multiple domains—including aspect extraction from reviews,
classification of tweets, topic detection in research abstracts, e-petitions, and large-scale bibliometric
analyses of supply chain and smart city research. Researchers have integrated LDA with methods
such as co-occurrence analysis, dynamic concepts, and document segmentation to improve its
accuracy and applicability. LDA’s utility extends to identifying hidden topics, extracting salient
features, automating annotation tasks, and providing actionable insights on trends in datasets (e.g.,
customer complaints, financial stability reports, eHealth publications). Findings consistently indicate
that LDA-based approaches can outperform traditional text classification techniques, particularly
when dealing with large or diverse text corpora, even when only a small labeled set is available.

349



Spectrum of Operational Research
Volume 2, Issue 1 (2025) 346-363

Collectively, these studies underscore LDA’s versatility for unearthing latent themes in large-scale
textual data and improving classification, annotation, and trend analysis tasks. By automating the
detection of hidden structures in text, LDA enables organizations, policymakers, and researchers to
make data-driven decisions, optimize resource allocation, and gain a deeper understanding of user-
generated content and emerging trends. Methodological enhancements to LDA (e.g., incorporating
domain-specific features, adopting semi-supervised training, and combining LDA with other natural
language processing techniques) further broaden its scope, making it more robust and adaptable
across different languages, domains, and data types.

3. Methodology
3.1. Latent Dirichlet Allocation (LDA)

Latent Dirichlet Allocation (LDA) is the most popular subject modeling methods that consider the

text as the source of the data. Before using LDA subject modeling method, Deerwested et al., [38]
introduced Latent Semantic Indexing (LSI) method, which is an automatic indexing model. LSl analysis
uses singular-value decomposition to determine semantic relations between terms. A large matrix is
taken with the term and associated data, and a semantic field is created where closely related terms
and documents are placed close together [38]. In 1999, the Probabilistic Latent Semantic Analysis
(LSA) model, which is an alternative to the LSI model, was developed by Hofmann. According to
Hofmann [39] the probabilistic LSA model is based on a mixture decomposition derived from a latent
class model. In other words, latent classes constitute a single class [39]. In this test, each word
consists of a single topic, and different words in a document can be produced from different topics
[40]. Although Hofmann's work is a useful method for probabilistic modeling of the text, it is an
incomplete method since it does not create a probabilistic model at the document level. In this model
each document is represented as a list of numbers (the mixing proportions for topics), and there is
no generative probabilistic model for these numbers [40].
Blei et al., [40] have developed the Latent Dirichlet Allocation (LDA) topic modeling method by
revealing the deficiencies in the probabilistic LSA (pLSA) method. LSA is not suitable for mixture
modeling while both LSA and pLSA suffers from lack of generalization ability [30]. With LDA these
deficiencies are eliminated. LDA, is an unsupervised generative probabilistic method for modeling a
corpus, is the most commonly used topic modeling method. LDA assumes that each document can
be represented as a probabilistic distribution over latent topics, and that topic distribution in all
documents share a common Dirichlet prior. Each latent topic in the LDA model is also represented as
a probabilistic distribution over words and the word distributions of topics share a common Dirichlet
prior as well [1]. Moreover, LDA is a generative statistical model that allows sets of observations to
be explained by unobserved groups that explain why some parts of the data are similar. It learns the
various distributions such as the set of topics, their associated word probabilities, the topic of each
word, and the particular topic mixture of each document [3].

In the LDA algorithm, all words in each document are randomly assigned a subject. After the
subject assignment is made to the documents, various statistics are extracted with this information.
Local statistics show how many words are assigned to the topics in each document, while global
statistics show how many times each word is assigned to each topic for the entire document. After
obtaining statistical information, each word is reassigned to each word for each document [16].
Moreover, the LDA model is not necessarily tied to text, and has applications to other problems
involving collections of data, including data from domains such as collaborative filtering, content-
based image retrieval and bioinformatics [40].
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Terms and notations can be extended as follows [41]:

v D is the number of documents in the entire corpus

v’ T is the number of topics and it is assumed to be known and fixed.

v' Each topic ¢;, where 1 < t < T, is a distribution over a fixed vocabulary of terms and ¢, is
the term proportion of term w in topic t.

v’ 6, is the topic mixture of the dth document and 64, is the topic proportion of topic t in
document d.

V' z4 are the topic assignments for document d, where z, ,, is the topic assignment fort he nth
term in document d.

V" wy are the terms occuring in document d, where wy ,, is the nth term in document d. All
terms are elements of a fixed vocabulary.

v" B is the Dirichlet prior on the topic-terms distributions

v' a is the Dirichlet prior on the document-topics distributions.

LDA model is represented in Figure 1. Figure 1 indicates that there are three levels to the LDA
representation. The parameters a and B are corpus level parameters and follows Dirichlet
distribution. The variable 6 is document-level variable. z and w are Word-level variables [40].

° T

D
Fig. 1. Graphical representation of LDA. Adapted from [40]

LDA generative process works as follows [41]:

i.  For each topic, choose a multinomial distribution ¢, from a Dirichlet distribution with
parameter 3. In other words, choose ¢,~Dir(f), where1 <t <T.

ii.  For each document d, choose a multinominal distribution 8,; form a Dirichlet distribution
with parameter «a; i.e., 8;~Dir(a).

iii.  For each term in document d, pick a topic assignment z ,, from the distribution 6, fort
he nth term in document d.

iv.  Pickaterm wy, from the distribution ¢, 4 ,,.

Advantages of the LDA model that is one of the most popular models about the topic modeling
can be stated as follow [42]:
i.  LDA model is the total probability generation model and can use efficient probability
inference algorithms to calculate.
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ii. The size of LDA model’s parameter space and the number of training documents are
independent making model more suitable for handling large scale corpus.

iii. LDA is a hierarchical model that is suitable and less likely to overfit than the non-
hierarchical model.

3.2. Genetic Algorithms

Genetic algorithms which were introduced by John Holland [43] are biologically inspired search
approaches that are suitable to a wide range of optimization problems [44].

A genetic algorithm for a particular problem must have the following five components [45]: (1) a
genetic representation for potential solutions to the problem, (2) a way to create an initial population
of potential solutions, (3) an evaluation function that plays the role of the environment, rating
solutions in terms of their fitness, (4) genetic operators that alter the composition of children and (5)
values for various parameters that the genetic algorithm uses (population size, probabilities of
applying genetic operators, etc.).

Genetic algorithm procedure can be summarized as follow [46]. An initial population P(t) is
created in generation t. Each individual represents a potential solution to the problem considered.
Each individual is evaluated to give some measure of its fitness with the help of fitness function. Some
individuals undergo stochastic transformations by means of genetic operations to create new
solution candidates (individuals). There are two types of transformation: crossover, which creates
new individuals by combining parts from two individuals and mutation which creates new individuals
my making changes in a single individual. Created individuals, called offspring C(t), is then evaluated.
A new population is formed by selecting the individuals having the highest fitness values from the
parent population and the offspring population. After several iterations (generations), the algorithm
converges to the best individual (solution), which hopefully represents an optimal or suboptimal
solution to the problem. Pseudocode of the genetic algorithm is presented in Figure 2.

begin
t <0
initialize P(t)
evaluate P(t)
while (not termination condition) do
begin
recombine P(t) to yield C(t);
evaluate C(t);
select P(t + 1) from P(t) and C(t);
t&t+1;
end
end
Fig. 2. Pseudocode of the Genetic Algorithm [49]

The fitness function plays an important role in any successful GA implementation since the main
task of GA is to minimize the fitness function. The fitness function is a function which returns a
numerical value measuring the goodness of an individual [47]. The fitness function accepts a
candidate solution and produces an objective value as a measure of the performance of the
candidate solution.

Crossover operation in GA implements a mechanism that mixes the genetic material of the
parents. In crossover operation two solutions at n positions are split up and alternately assembled to
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obtain new individuals. The motivation of such an operator is that both strings might represent
successful parts of solutions that when combined even outperform their parents [47-50]. Another
genetic operation in GA is mutation. It changes a solution by disturbing with random changes.

Users must determine when the GA will stop iterations. It is possible to allow GA to run for a
predetermined number of generations and that is the most popular termination condition. It is also
possible to allow run GA for a specific time or until no significant improvement in fitness value is
observed.

There are some advantages and disadvantages of Genetic Algorithms [51]. Some of the
advantages are: parallelism, liability, using only function evaluations, can be easily modified for
different problems, can handle large or poorly understood search spaces easily. Limitations are: the
problem of identifying fitness function, definition of representation for the problem, cannot use
gradients, no effective terminator and require large number of response (fitness) function
evaluations.

4. Analysis Section

In this section, the proposed model is explained (Figure 3). It is proposed to develop an auto-
labeling process for "The Journal of Accounting and Finance". Auto-labeling process uses genetic
algorithm and Latent Dirichlet Allocation simultaneously. Genetic algorithm is employed to reduce
the number of words, while LDA is used to produce word probabilities that are used to classify the
abstracts.

Number of
Scrapping Abstracts Reduce Number of j Topics
from dergipark.org.tr —* Words with Genetic
l Algorithms

Stemming process Training LDA Model

i 1

Cleaning process Extracting words for
l each topic
Corpus — Labeling Documents
in Corpus using
Topic Word

probabilities

Model Validation

Labeling with Expert

Fig. 3. Proposed Model

4.1. Dataset Description

The Journal of Accounting and Finance (The Journal of Accounting and Finance, 2020) only
publishes academic articles in two fields namely accounting and finance. In other words, the number
of topics will be fixed at two.

Abstracts are scrapped from dergipark.org.tr which is an internet site provides online hosting
services for academic journals published in Turkey. Abstracts can be accessed from the website
directly as raw text. However, full texts are presented in portable document format (PDF). Therefore,
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only abstract texts were used in the study. Number of articles in each year between 2005-2020 is

presented in Table 1.

Initially 936 abstracts between 2005 and 2020 are scrapped. After the first manual inspection, it
was determined that the abstracts of four articles were not available and the other six were in English.
Since it was aimed to analyze Turkish texts in the study, it was decided to exclude six abstracts
without Turkish abstracts. As a result, 926 Turkish documents are ready to be used in analysis. In this
step there are 19021 unique terms in the corpus. All of the words in texts are converted to lowercase
and special characters and punctuation marks (1\%S#&/:=()*?,.;) and numbers are removed since

they don’t contribute to the analysis.

Figure 4 contains the histogram distribution of the number of sentences and the number of words

Table 1

Number of Articles for Each year

Year Number of Articles Year Number of Articles
2005 79 2013 41
2006 75 2014 39
2007 74 2015 44
2008 70 2016 43
2009 71 2017 60
2010 75 2018 54
2011 44 2019 100
2012 42 2020 17

in 928 documents in corpus.

250

200

Histogram Distribution of Number of Words in Corpus

Number of Words
Min 28
Max 481
Mean 114.9591
Std. Dev. 42.6157

(a)

180

160 -

140 -

120 -

100 -

80

60 -

40

20

Histogram Distribution of Number of Sentences

Number of Sentences
Min 1
Max 30
Mean 5.819
2.4918

(b)
Fig. 4. Histograms of dataset (a) Histogram of number of sentences (b) Histogram Distribution of Number of
Words

Preprocessing steps applied in this study are as follow:

Since the suffixes of the words will affect the labeling process, stemming process is
applied. In this study, for stemming purpose, Zemberek library [48] which is a natural
language processing tools (version 0.17.1) for Turkish language and developed by Ahmet
Akin is used. It has been shown that stemming has little effect when doing classification
on Turkish corpus [49]. However, in this study, in order to select the word subset from a
corpus a stemming process is needed.
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ii. After stemming, the verbs remained in infinitive form. Verbs are used in both accounting
and finance fields. This common use will not be useful in the separation of documents. In
addition, some verbs may be used in specific areas. However, in this study, it was decided
to remove the verbs from the corpus. After the stemming process, all verbs in infinitive
form were excluded from the analysis.

iii.  Words shorter than 2 characters and longer than 15 characters are eliminated. After this
step, 9233 unique terms remained in the corpus.

iv.  Words that appear two times or fever are removed from the corpus. At this step there are
3000 terms remained in the corpus.

4.2. Choosing number of topics

The journal we are reviewing is an academic journal that only publishes articles in the field of
accounting or finance. Therefore, it is known that the number of topics is two. In addition, perplexity
scores in different topic numbers were also examined. Perplexity score is used to determine the
number of topics. Perplexity is a standard method to measure the prediction power of LDA [40].

M
perplexity = exp {— —Zd=£ﬂl,,°gz(wd)} (1)
d=1"Vd

Where N; stands for the total number of terms occurred in the dth document. wy is the dth word
in the document. A lower perplexity score reveals a higher prediction power of the model [50].

Perplexity scores in different topic numbers are experimented and the lowest perplexity score is
obtained when the number of clusters is two. It is observed that the perplexity score increases as the
number of topics increases. Thus, it is confirmed that the number of topics should be two.

An illustrative example is presented in Figure 5. All of the preprocessing steps are applied to the
first document. Moreover, some of the words are eliminated with GA-LDA method as will be
explained later. Remained words are presented in Figure 5. Topic-word probabilities and topic
proportions are also presented.

Topic Word Probability

B

isletme : 0.0493
biiyik orta boy isletme finansal raporlama standart bobi frs standart : 0.0422
kamu gézetim muhasebe denetim standart kurum kgk muhasebe : 0.1607
yayimlanarak tarihi yirirlik girmistir kgk fin@ansal raporlama
standart uygun hesap plan taslak tarihi agiklamigtir vergi mizan
hareket bobi frs déniisiim kayit yapilacag: finansal tablo
gikariimasina dair uygulama ornek uygulama ornek oncelikle finansal: 0.0687
olusturulan vergi mizan ait veri yillik kurum vergi beyanname
gereken finansal tablo bilango gelir tablo diizenlenmekte ikinci
asama vergi mizan bobi frs gegiste gerekli veri olusturularak
bobi frs dontgim kayit yapilmakta son asama bobi frs uygun Topic Proportion
bilanco kar zarar tablo gikarilarak kapanis kayit yapilmaktadir Ll

uygulama drnek muhasebe kayit finansal tablo kgk frs uygun 0.76
hesap plan taslak yer hesap kod adlan

0.24

Abstract in English: Financial Reporting Standards for Large and Medium Sized Enterprises (BOBI FRS) were published by the Public
Oversight Accounting and Auditing Standards Authority (POA) and entered into force on 1.1.2018. The POA has announced the
Draft Chart of Accounts in accordance with the Financial Reporting Standards. In this study, a complete application example is
developed on how to make the transformation records to BOBI FRS based on the tax balance and consequently the preparation of
financial statements. In the application example, firstly, by using the data of the tax balance created, it is prepared in the financial
statements (balance sheet and income statement) which should be annexed to the annual corporate tax return. In the second stage,
the necessary data for the transition from tax balance to BOBI FRS are created and the conversion records are made to BOBI FRS
and in the last stage, the balance sheet and profit / loss statement in accordance with BOBI FRS are issued and closing records are
made. balance sheet and profit / loss statement in accordance with BOBI FRS are issued and closing records are made. In the
complete application example, accounting codes and names in the FRS Draft Account Plan published by POA are used in the creation
of accounting records and financial statements.

Fig. 5. Illustrative Example of document id: 01.
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4.3. Optimizing Word Subset by Using Genetic Algorithm

After preprocessing, 3000 words remain in the data set. The number of words will be reduced by
carrying out a selection process rather than using these words as they are. Removing the words that
reduce the LDA score in the dataset from the dataset, will reduce the size of the dataset and can
enhance the performance of LDA analysis. The parameters of the genetic algorithm used in the study
are as follows: Crossover fraction 0.8, elite individual count 3, number of generations 500 and
population size is 200. The fitness function of the genetic algorithm is perplexity score. Therefore,
the genetic algorithm tries to optimize the subset of words that will minimize the perplexity score in
the LDA model where the number of topics is fixed at 2. Pseudocode of the fitness function is
presented in Figure 6.

input : ¢s and bag
¢s : candidate solution
bag : bag of words
1. new_bag = remove the words indexed by c¢s from bag
2. create a new LDA model with two topics with new_bag
3. calculate perplexity of new LDA model.
4. Function output :_perplexity of new LDA model
Fig. 6. Fitness function design

The genetic algorithm reduced the number of words initially from 3000 to 2382 by reducing 618
words. In other words, the number of words (size of the data set) decreased by 21%.

4.4. Applying the Final LDA Model

After reducing the number of words with the genetic algorithm, a final LDA analysis was applied
with the selected words. In the final LDA analysis, the number of clusters was determined to be 2, as
in the fitness function in GA. Word cloud of topics is presented in Figure 7.

Topic 1 Topic 2
yonetim
performans
finansal .
bankaoran ~ denetim
senetflrma P - sistem” -
masﬁﬂéhzetkl mensup bilgi konu
g etki analiz omes
konuflnansal muhasebe
atlrlm"aTk‘«f-fT«"’ yontem isletme
olmaktad g ket
Vf“ sektor .. © meslek
yOn em rISk kal‘ maliyet gereki
sirket endeks standart
sermaye
isletme

Fig. 7. Word Cloud of Topics (bilingual reference (English-Turkish) are presented in Table 2

4.5. Automatic Labeling Documents with LDA Scores

In this study, the documents are labeled according to their LDA scores. Final LDA Model produced
topic word probabilities for both of the topics. These probability scores indicate the closeness of word
to a topic. In other words, if a topic word probability is higher for a specific topic, than it is concluded
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that this word is related with this topic. Topic word probabilities for some words are listed in Table
2. In the table, the first five words are related to the first topic, the financial area, and the last five
words are related to the second topic, the accounting area. It should be noted that the probability
values of the words in their own topics are higher than the probability values in the other topic.

Table 2
Topic word probabilities for some words
Word Topic 1 (finance) Topic 2 (accounting)
Finansal (financial) 0.0687 0.0347
Analiz (analysis) 0.0526 0.0188
Yatirim (investment) 0.0465 1.8824e-07
Etki (effect) 0.0326 0.0141
Sirket (company) 0.0311 0.0048
Muhasebe (accounting) 1.6903e-07 0.1607
Isletme (business) 0.0270 0.0493
Denetim (auditing) 1.6903e-07 0.0466
Meslek (profession) 1.6903e-07 0.0513
Standart (standard) 1.6903e-07 0.0422

A metric called Labeling Score has been developed to determine which document belongs to
which topic. In this metric, the topic-word probability values of each word are summed. Here, the
number of words to be determined by the user is taken into consideration. For example, the top five
most likely words can be considered. In this case, the highest five topic-word probabilities are used
in auto-labeling process. Let p number of words that will be used in labeling the documents, p(w;)
represents the topic word probability for word w in topic t. In this case the labeling score of
document d for topic t is defined as follows:

LSqr = %71 p(Wy) (2)

For some documents LS, scores will be same for both of the topics. If the LS score is equal for
each topic, then it is not possible to label the abstract on either topic. That is why higher LS values
are preferred. Experiments have been made to determine how many words will be used in the LS
score calculation. Word numbers from 1 to 30 were applied, and the abstract number in which the
LS score was the same for both topics was recorded and presented in Figure 8. In cases where more
than 20 words are used, there is no significant decrease between the LS scores. Therefore, it was
decided to use twenty words in the auto-labeling process.

350

Number of Documents with Same LS Score

| \\

0 5) 10 15 20 25 30
Number of Words p

Fig. 8. LS scores for various number of words
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4.6. Comparing the results with Expert Opinion

In this study, performance of two LDA models are compared. One is a single LDA model without
a GA word selection process. The other LDA model (GA-LDA model) uses the genetic algorithm to
reduce the number of words. Randomly selected 100 out of 928 abstracts were used for testing
purposes to compare the performance of the models. In order to measure the classification
performance of models, true labels are needed. True labels of these 100 abstracts are determined by
an academician studying on Finance. Expert is evaluated the abstracts and provided the true
document labels as finance or accounting. True labels and predicted labels can be presented in a

diagnostic table (confusion matrix) as follow:

Confusion matrix can be defined as follow:
True Finance

Predicted Finance
Predicted Accounting

True Accounting

True Positive (tp)
False Negative (fn)

False Positive (fp)
True Negative (tn)

(3)

Classification performance is compared with 5 different scores. These scores are defined as

follow:

Accuracy =

Precision =

Recall =

F Score = 2 *

tp+tn

tp+fp+fn+tn

tp

tp+fp

tp+fn
Specificity =

tn
tn+fp

Precision*Recall

Precision+Recall

(4)
(5)
(6)
(7)
(8)

Classification performance of LDA and GA-LDA models are compared with classification
performance indicators. Results produced by the models with the results produced by the expert are
presented in Table 3. The accuracy of GA-LDA model is %82. However, when a single LDA analysis is

used, 79 out of 100 abstracts are the same as the expert's assessment.

Table 3
Classification Results
GA-LDA
Finance Accounting Total Accuracy 0.8200
Expert Finance 47 17 64 Precision 0.7344
Accounting 1 35 36 Recall 0.9792
Total 48 52 100 Specificity 0.8393
F Score 0.9792
LDA

Finance Accounting Total Accuracy 0.7900
Expert Finance 44 17 61 Precision 0.7213
Accounting 4 35 39 Recall 0.9167
Total 48 52 100 Specificity 0.8073
F Score 0.9167
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4.7. Number of Articles Published Over the Years

This section contains the results of the auto-labeling of the proposed GA-LDA analysis of 928
articles published over the years 2005-2020. All of the 928 articles are auto-labeled with the help of
GA-LDA analysis.

Figure 9 represents the auto-labeling results. In part (a) of the figure, the number of auto-labeled
articles in each topic is presented. It is noteworthy that there are more articles published in the field
of accounting during the period. In general, there is a decrease in the number of articles published
between 2010 and 2018.

In section (b) of Figure 9, there is a difference between the number of articles published in the
field of accounting and finance. The fact that this difference is on the positive side shows that the
publication of the publication for the year in question is high, while the negative side shows that the
articles published in the field of finance for the year in question are predominant. It turns out that
the years when the journal started to be published, the journal focused on accounting and nowadays
it focuses on financial publications.

In section (b) Figure 9, the difference between the number of articles published in the field of
accounting and finance is visualized with the help of bars. If the bar is to the right (left) side, the
number of articles published in the field of accounting (finance) is high. It turns out that the years
when the journal started to be published, the journal focused on accounting and nowadays it focuses
on financial publications.

Finance Accounting

a
a

a
S

IS
o

IS
S
/

&

/

Number of Articles
N8 9

5L . . ;
2005 2010 2015 2020
Year

(a) (b)

Fig. 9. Time trends of two topics from 2005 and 2020

4.8. Comparison with other datasets
Proposed GA-word-selection model is also examined in various dataset. Benchmarking datasets
are downloaded from [51]. In this website, various datasets are available in Turkish language.

i.  News Dataset: This dataset, includes 1150 news in five categories (economics, magazine,
health, politics, sports). In each category there are 230 different news. For each category
randomly selected 20 news are assigned to testing dataset, while other 1050 news are
used for training purpose.

ii. Movie Reviews Dataset: In this dataset, there are 105 movie reviews. There are three
categories namely positive, negative and neutral reviews. In each category there are 35
reviews. For each category, randomly selected 10 writings are assigned to testing dataset,
while other 75 reviews are used for training purpose.

iii.  Mood Dataset: In this dataset, there are 157 diary writings. Four categories available
(mixed, happy, nervous and sad). In each category there are 40 writings. For each category
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randomly selected 10 writings are assigned to testing dataset while other 117 writings are
used for training purpose.

There are two models used in benchmarking. The first model is the single LDA model where no
improvements are made with GA. The second model is the GA-LDA model. In this model the Genetic
Algorithm is used to reduce the number of words. Class numbers for each dataset is assigned as topic
numbers in LDA models. Classification performance with benchmark datasets presented in Table 4.
In each dataset, the GA-LDA models are outperformed LDA models.

Table 4
Classification performance with Benchmark Dataset
News Dataset Movie Reviews Dataset Mood Dataset
LDA  GA-LDA LDA GA-LDA LDA  GA-LDA
Accuracy 0.4700 0.1600 0.2667 0.3333 0.225 0.2750
Precision 0.1000 0.2800 0.3125 0.3333 0.1667 0.2941
Recall 0.1000 0.3500 0.5000 0.7000 0.3000 0.5000
Specificity 0.1000 0.3111 0.3846 0.4516 0.2143 0.3704
F Score  0.1000 0.3500 0.5000 0.7000 0.3000 0.5000

5. Conclusion

In this study, an intelligent GA-LDA system is developed to automatically label the articles
published in the journal of "Accounting and Finance" which publishes academic papers mostly
written in the Turkish language. This journal publishes papers on two topics which are accounting
and finance. 928 abstracts published between 2005 and 2020 are scrapped from the journal's
website. After scrapping the abstracts from the website, a cleaning process has been undergone. In
the proposed system, the genetic algorithm selects the best word subset for LDA analysis. The fitness
function is the perplexity score of LDA analysis by using the selected words.

Two LDA models are employed. One model uses GA to reduce the number of words, and the
other is the raw LDA model. Since there is no readily available label set, we asked an expert to label
the test set which contains twenty abstracts. In order to measure the performance of LDA models,
expert opinions and LDA outputs are compared with 100 abstracts. Results indicate that the GA-LDA
model performed better than LDA model. Purposed GA-LDA model is applied three different datasets
and in each dataset GA-LDA model outperformed LDA model.

The advantage of the proposed system is that it can automatically classify documents without the
need for expert knowledge. However, the question of what should be the number of topics still
remains an area open to development.

This is a demonstration of a general approach that can be used for more complex journal systems
which includes more topics. Moreover, if topic number is not known a priori, perplexity scores (or
other techniques used to determine the number of topics) can be applied to determine the number
of topics. The results obtained from this study provides insightful knowledge to the experts. For
example, editors can use this system to automatically assign the referees.
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