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Abstract

Finding relevant topics or extracting useful information from large corpora of data
has been challenging for academics, and topic modeling, a machine learning
algorithm, has emerged as an alternative technique for discovering the underlying
semantic structure of large, unstructured collections of documents. Our objectives
are to identify the topics covered in the corpus data, group them by topic, show the
development of research across different aspects of LIS, and demonstrate the
application and use of theories from other domains in the LIS domain. We use
several open-source tools for topic modeling, such as LDA (Latent Dirichlet
Allocation), Gensim, Jupyter Notebook, ASReview, and OpenRefine, to extract key
topics from titles and abstracts. The results of this study are summarized into three
main sets: identification of specific topics, word clouds, trends in subjects, and the
use and applications of theories in this domain. The model may help policymakers,
funding agencies, and the government understand the current and future state of
research and take corrective actions to address gaps in the literature on expert
systems and applications. It also helps library professionals, classificationists, and
researchers identify relevant topics in unstructured long texts and reduce information
overload by removing unnecessary research documents.

Keywords: Text Mining, Machine Learning, Topic Discovery, Natural Language Processing,
NLP, Library and Information Science, Theory, LDA.

Introduction

Due to advances in information and communication technology (ICT) and the open
knowledge movement (OKM), large amounts of academic literature/data, both textual and non-
textual, are being generated and made available on various open platforms. It has made
information retrieval difficult, and LIS (Library and Information Science) professionals are
facing challenges in analyzing, organizing, and classifying unstructured text data, as well as in
accessing the relevant topics they seek. Data is often unstructured, and manually searching for
and uncovering hidden insights in such data is highly tedious and time-consuming, and an
excellent challenge for librarians/LIS professionals. This retrieval problem forces librarians to
find new ways to organize, search, and understand patterns in vast amounts of information.
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Generating an exact solution to extract helpful information/topic from an enormous volume of
literature is often computationally intractable and poses a significant challenge for librarians.
Topic modeling, an unsupervised text mining approach, is a popular analytical tool for
automatically classifying documents and for evaluating and revealing the underlying semantic
structure of extensive document collections. It has emerged as a powerful tool for extracting
meaningful information and topics from many unstructured texts and for identifying
semantically related documents based on the issues they address (Hong & Davison, 2010).

Benefits of the topic model

Topic modeling has been an active area of research. It has been successfully used over the
last 40 years to facilitate information retrieval, classify documents, and support exploratory
analysis of large corpora of texts. However, it began in the 1980s as a means for more accurate
information retrieval programs to predict hidden topics from a text corpus. Initially, it was
developed as an alternative to keyword search to enhance the exploration of text data collection
(Deerwester, Dumais, Furnas, Landauer, & Harshman, 1990). Now, it has become a valuable
tool for information retrieval, aiding query expansion and document smoothing (Yi & Allan,
2008, 2009). It can extract useful information from unstructured texts and find hidden topics
within a collection of text documents. They are probabilistic models for discovering the hidden
structure of a corpus of documents based on a Bayesian analysis of the papers (Rosen-Zvi,
Griffiths, Steyvers & Smyth, 2004). Topic modeling is a text mining and concept extraction
method that extracts topics (i.e., coherent word clusters) from large corpora of textual
documents to discover hidden semantic structures in the text (Miner, Elder, Fast, Hill, Nisbet
& Delen, 2012). The advantages of topic modeling over other techniques are that it helps
analyze long texts (Treude & Wagner, 2019; Miner et al., 2012), creates clusters as ‘topics’
(rather than individual words), and is unsupervised (Miner et al., 2012). Yau, Porter, Newman,
and Suominen (2014) rightly argued that a topic model could successfully group a broad
collection of scientific articles by discipline. Suominen and Toivanen (2016) opined that topic
models help classify significant texts.

Topic modeling has emerged as a research direction that enhances information retrieval by
considering semantic relationships between words, enabling similar content-related papers to
be automatically categorized into subjects. This approach typically uncovers latent text topics
by modeling word associations, enabling matching of queries and documents based on their
topics (Manning, Raghavan & Schiitze, 2009). In natural language processing (NLP) tasks,
these topic modeling methods have become increasingly popular due to their ability to represent
each dimension as a topic rather than a term or set of words, and to investigate long-term trends
in research topics. It is one of the most popular NLP techniques for structuring unstructured
data, regardless of domain or discipline. Researchers commonly use it as a text-mining tool to
discover hidden semantic structures in textual contexts. It is considered a well-known topic
mining/modeling procedure for extracting topics from a specified corpus, regardless of size or
type. A topic model is a statistical model used in ML and NLP to identify and extract hidden
topical patterns within a corpus of texts (Guo, Barnes, & Jia, 2017). Topic Modeling, or topic
mining, has been a solution for handling unstructured text and extracting features from large
corpora. It is crucial because it aids decision-making by extracting key insights from both short
and large volumes of documents, providing an automatic means to organize, understand, and
summarize extensive collections of textual information. The topic model can also be used as an
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inductive tool to identify categories that have been largely undiscovered before (Nelson, 2020).
Finally, we must say that topic modeling helps communication scholars extract specific
meanings from the text data (DiMaggio, Nag & Blei, 2013; Grimmer & Stewart, 2013).

In the paper, the authors neither aim to compare different topic modeling techniques nor to
provide a comprehensive overview of theories used in LIS research. This paper takes a holistic
approach to present bigrams, unigrams, a word cloud, etc., including the core topics that have
developed over time and the theories used in LIS research derived from the corpus data. Topic
modeling has passed many milestones to reach the level it is at now. Table 1 gives a snapshot
of significant events in the timeline using topic modeling results.

Table 1
Important Events in the History of Topic Modeling
Year Events
1980 Latent Semantic Analysis (LSA) was de.veloped in the lat§ 1980s, which uses matrix
factorization to identify latent topics.
Application of Singular Value Decomposition (SVD) to the problem of automatic
1990 indexing and information retrieval by Deerwester et al (1990). They call their method
Latent Semantic Indexing (LSI) or Latent Semantic Analysis (LSA).
1998 Probabilistic Latent Semantic Analysis (usage of a probabilistic model)
1999 Statistical analysis of LSA, Probabilistic Latent Semantic Analysis (PLSA) by Thomas
Hofmann.

Latent Dirichlet Allocation (LDA) at the NIPS 2001 conference by David Blei, Andrew

2003 .
Ng, and Michael I. Jordan
2005 Introduction of ‘Correlated Topic Model’ (CTM) by Blei and Lafferty
Model ‘Author-Recipient-Topic’ (ART), based on LDA by the University of
2007 Massachusetts.
Correlated topic model (CTM) proposed by Blei and Lafferty
2010 Introduction of Pointwise Mutual Information (PMI) by Newman et al.
Introduction of Non-negative Matrix Factorization (NMF) by Arora et al.
2012 Chuang et al. presented ‘Termite.’
Introduction of ‘word cloud’ by Chaney and Blei
2013 Integrates document clustering and text modeling into a single unified framework (Multi-
Grain Clustering Topic Model (MGCTM) by Xie and Xing
2014 GSDMM is introduced in the topic model
2015 BPTMs (Bayesian Probabilistic Topic Models) became the dominant topic model until
2015

2016 Word2vec, 1da2vec proposed by Moody; GPUDMM sampling scheme
2018 Introduction of hierarchical Stochastic Block Model (hRSBM) by Gerlach et al.
2019 Introduction of the Embedded topic model
2020 Introduction of BERT in the topic model by Thompson and Mimno

Literature review
The rise of big data due to the rapid growth of Internet technology in the twenty-first
century has prompted a demand for advanced text analytic techniques (such as artificial
intelligence (AI), machine learning, NLP, and TM) to uncover patterns and relations embedded
in the data, reduce the dimensionality of data, and forecast future outcomes more effectively
and efficiently (Elragal & Klischewski, 2017). To effectively extract features from a large
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corpus of text data, numerous text mining approaches in the form of topic modeling have
already been introduced by researchers in different areas of study (Li, Zhang, Hu, & Hu, 2019),
as it serves as the most frequently adopted technique for the purpose (Hong & Davison, 2010).
In particular, the use of topic modeling in the social sciences, employing different
methods/techniques (e.g., conventional models such as latent Dirichlet allocation (LDA), a
generative probabilistic model, and non-negative matrix factorization (NMF)), has soared in
popularity across various domains in recent years. Some topic modeling or text mining
approaches have already been introduced by scholars in different domains (Li et al., 2019),
among which topic modeling using LDA, LSA (Latent Semantic Analysis), probabilistic LSA,
etc., served as the most frequently adopted technique for large-scale data analysis (Hong &
Davison, 2010).

Topic modeling or topic mining (both probabilistic and non-probabilistic models) using
different models or techniques (such as Latent Dirichlet Allocation (LDA), Non-negative
Matrix Factorization, Top2Vec, BERTopic, etc.) has already been applied in diverse fields,
domains covering different subjects like sociology, digital humanities, political science, literary
studies, and academic discourse to understand different types of texts (Murakami, Thompson,
Hunston & Vajn, 2017). It can also be categorized into different types, such as algebraic, fuzzy,
probabilistic, and neural models, each with its own characteristics and limitations. Since its
emergence in the 1990s, several methods, models, and tools (e.g., algorithms) have been
developed in this domain for topic modeling, and one of the most common is LDA. Topic
modeling using LDA can be a useful tool for the statistical analysis of document collections
and other discrete data, regardless of their form or format, for their accuracy. The LDA model,
introduced by Blei and Jordan (2003) and Blei, Ng and Jordan (2003), uses a probability
distribution model to generate topics from the hidden text (Blei et al., 2003; Koltcov &
Ignatenko, 2020). However, Griffiths and Steyvers (2004) first reported a study on topic
modeling of scientific papers using LDA (also known as the generative aspect model).
However, Blei & Lafferty (2006) were the first to apply this topic modeling approach in their
study based on 30,000 articles from the journal 'Science'. LDA offers several advantages for
text classification, including the ability to handle large, heterogeneous document collections
without relying on predefined vocabulary or structure. This LDA model can describe the
arrangement of words that are repeated together, occur frequently, and resemble one another.

It can also discover latent, meaningful topics that capture the main themes and variations
across documents, as well as the relationships between words and topics. Additionally, it can
provide interpretable and explainable results, showing the topic proportions for each document
and the word probabilities for each topic. Furthermore, LDA can be extended and modified to
incorporate various features and constraints, such as metadata, supervision, temporal dynamics,
and more. For these reasons, topic models using LDA have become popular, and several
scholars have already applied LDA for text classification in many domains. Since the first paper
on topic modeling by Jordan Boyd-Graber and David M. Blei in 2007, it has spread its wings
across multiple domains and disciplines. For example, to analyze and classify genomic
sequences (Wu Ding, Wang & Xu, 2010); to classify images based on visual words (Rasiwasia
& Vasconcelos, 2013); on transportation research (Das, Dixon, Sun, Dutta & Zupancich, 2017);
library science journals (Lamba & Madhusdhuan, 2018, 2019; Lu & Wolfram, 2012; Kurata,
Miyata, Ishita, Yamamoto, Yang & Iwase, 2018); library science dissertations (Sugimoto, Li,
Russell, Finlay & Ding, 2011); library science/library & information science (Yan, 2014;
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Miyata, Ishita & Yang, 2020; Yan, 2015; Figuerola, Marco & Pinto, 2017; Saha & Ghosh,
2023) and its sub-domains such as information retrieval (Chen, Tsutsui, Ding & Ma, 2017),
knowledge organisation (Joo, Choi & Choi, 2018), and electronic health records (Chen, Wei,
Guo, Tang & Sun, 2017); banking (Hristova, 2021; Pronoza, Pronoza & Yagunova, 2018);
management research (Hannigan et al., 2019); drug safety (Zou, 2018); biomedical literature
(Kavvadias, Drosatos & Kaldoudi, 2020); medical sciences (Zhang et al., 2017; Jiang et al.,
2012; Paul & Dredze, 2011; Wu et al., 2012); image classification (Wang & Mori, 2011;
Cristani et al., 2008); emotion classification (Roberts et al., 2012; Rao, 2016; Rao et al., 2014);
medical/biomedical (Liu et al., 2010; Huang, Lu & Duan, 2013; Xiao et al., 2017); healthcare
(Wang, Huang & Gan, 2016); technology (Bulygin, Musabirov, Suvorova, Konstantinova and
Okopnyi (2018); education (Afacan-Adanir, 2019; Willis et al., 2017); to identify research
trends of IoT (Inaam ul Haq, Li & Hou, 2021); big data trends in the marketing field (Amado,
Cortez, Rita & Moro, 2018); clinical psychology (Liu, Zhang & Kishimoto, 2021); bio-
informatics (Liu et al, 2016); computer vision (Feng & Lapata, 2010); source code analysis
(Linstead et al, 2007; Gethers & Poshyvanyk, 2010; Tian, Revelle & Poshyvanyk, 2009;
Lukins, Kraft & Etzkorn, 2010; Linstead, Lopes & Baldi, 2008; Chen et al., 2012; Savage et
al., 2010); opinion and aspect mining (Chen et al., 2010; Zheng et al., 2014; Cheng et al., 2014;
Zhai et al., 2011; Bagheri, Saraee & De Jong., 2014; Wang et al., 2014; Xianghua et al., 2013;
Jo & Oh, 2011; Paul & Girju, 2010; Titov & McDonald, 2008); financial markets (Nassirtoussi
et al., 2014); event detection (Qian et al., 2016; Hu et al., 2012; Weng & Lee, 2011; Lin et al.,
2010); political events or political science (Lozano, Schreiber & Brynielsson, 2017; Chen et al.,
2010; Cohen & Ruths, 2013; Greene & Cross, 2015; Preotiuc-Pietro et al., 2017); improvement
of recommendation algorithms (Rosa et al, 2018; Xiao et al., 2019); recommendation system
(Zoghbi, Vulic & Moens, 2016; Cheng & Shen, 2016; Zhao et al., 2016; Lu & Lee, 2015; Wang
et al, 2014; Yang & Rim, 2014; Kim & Shim, 2014); retail (Ibrahim & Wang, 2019); location-
based sociological analysis (El-Diraby, Shalaby & Hosseini, 2019.); social trends and viral
topics (Li, Wu & Feng, 2018. ); social network (McCallum, Corrada-Emmanuel & Wang, 2005;
Wang, Burke & Kraut, 2013; Henderson & Eliassi-Rad, 2009; Yu, He & Liu, 2015; Liu et al.,
2016); software engineering (Sun et al., 2016; Chen, Thomas & Hassan, 2016; Linstead et al.,
2007; Gethers & Poshyvanyk, 2010; Asuncion et al., 2010; Thomas, 2011; Thomas et al., 2011;
Linstead et al., 2007; Gethers & Poshyvanyk, 2010; Linstead, Lopes & Baldi, 2008; Chen et
al., 2012; Dam & Ghose, 2016); geography (Cristani et al., 2008; Eisenstein et al., 2010; Tang
et al., 2013; Yin et al., 2011; Sizov, 2010); crime science (Chen et al., 2015; Gerber, 2014;
Wang, Gerber & Brown, 2012); linguistic science (Bauer, Noulas, Séaghdha, Clark & Mascolo,
2012; McFarland et al., 2013; Eidelman, Boyd-Graber & Resnik. 2012; Wilson & Chew, 2010;
Vulic, De Smet & Moens, 2011); computer linguistics (Hall et al., 2008); statistics (De Battisti,
Ferrara & Salini, 2015); international speech communication (Liu et al., 2015); corporate
governance (Kushkowski et al., 2020).

In most cases, LDA, filtered LDA, extended LDA, or similar techniques were used to
identify relevant topics from unsupervised data and several trends in the respective fields,
including the rise and fall of a subject or an idea. Most researchers have supported this view
and opined that LDA, a three-level hierarchical Bayesian model, is the most common
probabilistic technique used in topic modeling work (Schofield et al., 2017; Blei et al., 2003;
Chen et al., 2017; Ding, 2011; Suominen & Toivanen, 2016; Kherwa & Bansal, 2019). Despite
its popularity (e.g., LDA) as an algorithm for topic modeling (TM) in the social sciences, its
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efficacy in analyzing corpus data and presenting results has been widely criticized, raising
several questions among researchers. It has many limitations as identified in the literature, and
is based on multiple assumptions, and the results depend on several conditions. Results may
vary and depend on the size and types of corpora, the techniques and tools used, how data is
processed for the purpose, etc. For example, the topic is defined by the words that frequently
appear together; not all topics in the corpus appear equally often, and that they are unrelated,
the number of topics is predefined; word order in a corpus is not essential; the words of each
document arise from a mixture of topics, each of which is a distribution over the vocabulary;
inability to model topic correlation.

However, the common limitations of LDA have been highlighted in the literature (Zhang,
Xu & Qiao, 2014; Guo & Diab, 2011; Vayansky & Kumar, 2020; Dohaiha et al., 2018). Such
standard probabilistic topic modeling techniques are only effective in some cases for deriving
relevant topics from a large dataset. It cannot distinguish between old and new topics, and
sometimes derived or inferred topics lack conceptual coherence. However, Agrawal, Fu, and
Menzies (2018) warned about systematic errors in the analysis of LDA topic models that limit
the validity of topics. Lin et al. (2014) also advised that classical topic models usually generate
sub-optimal topics when applied "as is," in too small amounts, or in short text documents. Zhang
et al. (2016) criticised the LDA model for failing to provide an optimal estimate of the number
of topics to select. They opined that the LDA model's efficiency and effectiveness in topic
classification are closely related to the selection of topics. For example, if the number of topics
is too small (short-form text), then the meaning of each topic will be broad. Conversely, if the
number of topics is large, it will give us useless topics, meaning topics with too much similarity
(Hajjem & Latiri, 2017). Agrawal et al. (2018) criticized the LDA model for systematic errors
in data analysis. Lin et al. (2014) also criticized classical topic models for usually generating
sub-optimal topics. Tang et al. (2014) reported that incorrectly selecting the number of topics
can result in poor performance.

To address the limitations of LDA, many researchers have advocated for newly developed
non-probabilistic topic models such as latent semantic analysis (LSA) (Deerwester et al., 1990;
Landauer et al., 1998; Lochbaum & Streeter, 1989) or the non-negative matrix factorization
(NMF) (Lee & Seung, 1999; Wei et al., 2003). Unlike LDA, LSA focuses on dimensionality
reduction and capturing semantic relationships between words, while LDA focuses on topic
modeling and understanding document generation. LSA can also improve information retrieval,
content understanding, and conceptual search, and allows users to perform searches based on
concepts or topics rather than solely on specific keywords. Some other popular techniques, such
as Structural Topic Modelling (STA) (Lindstedt, 2019); Correlation Explanation (CorEX)
(Gallagher et al., 2017); Top2Vec (Angelov, 2020); probabilistic LSA (Albalawi, Yeap &
Benyoucef, 2020; Hofmann, 1999); Relational Topic Modelling (Chang & Blei, 2009) were
also suggested by experts to avoid the limitations of LDA. Yu and Qiu (2018) proposed a hybrid
model that extends the user-LDA topic model.

Furthermore, the authors reported numerous other developments in the field of topic
discovery. Chen et al. (2017) proposed a hierarchical approach to topic detection in which
words are treated as binary variables and can appear in only one branch of the hierarchy.
Similarly, a Gaussian Mixture Model (Jiang et al., 2018), the Gaussian LDA model based on
the word-embedding technique (Das, Zaheer & Dyer, 2015), or the Biterm Topic Model (Pan
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et al., 2014) could be used for topic modeling of sparse matrices, such as short texts. Blei et al.
(2003) proposed a perplexity model to determine the quality of topic models with different
numbers of topics. Finally, Dang, Gao, and Zhou (2016) proposed a dynamic Bayesian network
approach to detect emerging topics in micro-blogging communities. Venkatesaramani et al.
(2019) suggested clustering documents based on their similarity and then identifying topics for
each cluster. Chang et al. (2009) discussed the challenges of evaluating the human
interpretability of topic models and proposed a quantitative method for measuring the semantic
meaning of inferred topics. Deng, Smith, and Quintin (2020) have proposed and developed an
innovative semi-supervised learning approach by using deep learning and topic modeling to
better understand the customer's voice from textual reviews. Newman et al. (2010) provided an
analysis of how topics can be flawed and, more importantly, an automated evaluation metric
for identifying such topics without human annotators or reference collections outside the
training data. Wu et al. (2010) compared three topic modeling methods using China's web-
based news portal. Hall, Jurafsky, and Manning (2008) discussed the trend visualization for
LDA topic models.

Many authors have also compared topic modeling techniques across domains and tools to
assess the effectiveness of these applications. Bianchi, Terragni, and Hovy (2020) proposed a
comparative study of topic modeling methods applied to multiple English-language datasets
using two evaluation metrics: Topic Coherence and Topic Diversity. Two Indian authors,
Garbhapu and Bodapati (2020), also compared two popular topic modeling methods, viz. Latent
Semantic Analysis (LSA) and Latent Dirichlet Allocation (LDA) were used on ‘Bible’ data,
and it was concluded that LDA achieved superior performance when compared to LSA. In
another study, Mifrah and Benlahmar (2020) compared LDA and NMF and concluded that
LDA is more relevant than NMF for large corpora. Kherwa and Bansal (2020) compared three
topic modeling techniques: latent semantic analysis, latent Dirichlet allocation, and correlated
topic modeling. Another researcher (Yi et al., 2009) conducted a comparative study of various
topic modeling methods, including LDA, PLSA, and LSI, and reported that LDA generally
performed better than other models. In the same vein, Lu et al. (2011) compared two models,
viz. LDA and PLSA were evaluated in an empirical study, and the results also favoured LDA
for most tasks. Bozdogan and Kara (2024) compared traditional and modern topic modeling
algorithms for topic identification in official documents.

Research Questions

Summarising the above, the authors have set the following research questions to fulfil the
objectives of this study.

1. What are the essential terms or topics in the corpus data? Or which topics are most
discussed? Or

what were the research topics studied in the LIS area during the period?

2. How did specific terms or topics develop or change during the period? Or what is the
evolution of different topics throughout the study?

3. What are the theories applied in LIS? What are the most commonly used theories in
this domain?

To answer these research questions, authors have adopted a novel dynamic topic discovery
product that offers multiple modules, including data crawling, data cleaning, topic discovery,
most important keywords, word clouds, bigrams, etc., and results visualisation.
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The paper is structured as follows: Section 2 describes related work, highlighting specific
applications. Section 3 illustrates the experimental methodology used to fulfill the research
questions. It involves several steps, such as data collection, extraction, and filtering. Section 4
shows that the results derived from our framework are discussed and presented from different
perspectives. Section 5 provides an overall assessment of the model. Section 6 discusses the
key topic (decade-wise). Section 7 covers the identification of key issues developed over time
and the application of theories in LIS research. Moreover, Section 8 presents the conclusion of
this research, with a detailed discussion of the challenges of topic modeling and avenues for
future work, which will provide researchers with insight into good research in this domain.

Materials and Methods

To conduct a topic model in any domain or discipline, researchers need to preprocess text
data and transform it into a matrix (e.g., a document-term matrix) for the model's input. Before
topic modeling, the corpus data requires preparation, which usually includes tokenization,
meaning splitting the text into tokens, usually words, numbers, and punctuation; lemmatisation,
meaning assigning the base form to each token; and part-of-speech tagging, meaning assigning
the part of speech (e.g., verb) to each token. These crucial text-cleaning techniques remove
noise from input data, thereby improving its quality. The procedure enables us to perform topic
modeling at the single-word level.

Several steps and sub-steps were performed sequentially in this topic modeling workflow.
Data was extracted only from LIS journals against three search terms: /ibrary, librarian, and
theory. It was analysed using various open-source tools at different stages of this topic modeling
experiment. The whole topic modeling process involves five crucial steps: selecting the corpus;
pre-processing the corpus; preparing the corpus for input into the software; building the topic
model; and analyzing the topic model against different parameters. After collecting data from
the Scopus database (https://www.elsevier.com/), the data were analysed, evaluated, and
prepared (training corpus) for topic modelling. Topics were analysed using LDA and Gensim.
The titles and abstracts of the papers were used for topic modeling, and the publication dates
were used to show trends in LIS research. The authors' keywords were not used, as they were
manually added and might not capture all the topics discussed in the papers. The paper's title
was not used either, as it would only reiterate the topics already included in the abstract. The
pre-processing methodology for the corpus has been implemented across several stages and
levels and is discussed in detail below (Sections 4.1-Section 4.6).

Selection of data (crawling phase)

Fourteen thousand two hundred ninety-four (14294) raw articles (from 1970-2021) were
downloaded or extracted from the Scopus database (https://www.scopus.com/sources.uri)
against the three search terms, viz., library, librarian, and theory, appearing in the ‘title’ and
‘abstract’ of the paper. The corpus data covers the last 50 years, i.e., from 1970 to 2021, as a
key sample. The authors have removed 61 articles from three unrelated journals. In addition,
the authors excluded 368 titles and documents that lacked an abstract. Finally, a total of 13,865
articles has been considered as the corpus for this paper. All relevant bibliographic data, such
as titles, abstracts, authors, journal names, etc., are recorded in a single Excel file. The sample
articles, or corpus, from this study are 640 (actual sample data/corpus) research articles related
directly to LIS (Library and Information Science) theory that met the objectives of our research.
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The authors have included only those papers in which theories from LIS or other disciplines
have been applied in the LIS domain. Only full-length articles written in English are collected
where the specific application of theories was made. Sometimes, scholars used keywords such
as ‘framework’, ‘model’, ‘pattern’, ‘paradigm, and 'method’ interchangeably and did not use
them to search for information. Editorials, book reviews, letters, interviews, commentaries, and
news items were also excluded from the analysis.

Pre-processing of corpus data/ data preparation (filtering phase)

The second phase is filtering (of corpus data), which focuses on filtering the corpus data to
extract only the text's keywords. Pre-processing raw data is the most crucial step, as it can
influence topic modeling results and improve output quality (Aggarwal & Zhai, 2012; Bi,
Liang, Tang & Yang, 2018). It provides sound dimensionality reduction and removes
unnecessary words from the unstructured textual data. It plays a significant role in transferring
text from human language to machine-readable format (Rajasundari, Subathra, & Kumar,
2017). This process takes the longest to process raw data. This pre-processing step is essential
for correctly analysing the corpus and understanding the relationships among its elements,
thereby gaining valuable insights. Several steps are involved in creating the 'bag of words
matrix'. All keywords were pre-processed and prepared for the topic modeling analysis in this
step. Pre-processing mainly includes removing or cleaning punctuation, numbers, and special
characters; converting to lowercase; performing phrase modeling; removing non-ASCII
characters such as A n P ©$ @; stemming; tokenization; and lemmatization. For example,
lemmatization means transforming words to their most basic form or removing inflectional
endings such as "seeing > saw" or "see." In the same way, stemming includes chopping off the
ends of words or the removal of derivational affixes such as "studying” > "study, "studies"”
>studi), tokenization (character sequence and a defined document unit). Tokenization splits a
text into words, phrases, or other meaningful parts, namely tokens. In addition, stop words were
excluded to improve topic quality and reduce noise. Sometimes, authors use phrases in their
articles. All were removed to avoid loss of context and meaning from the topic results.

Data curation (filtering phase)

The data were curated to develop a classification corpus. Initially, all these titles were
ranked for readability using ASReview (https://asreview.nl/), an open-source, Al-compliant
systematic review tool based on a machine learning framework. All titles, including abstracts,
were examined one by one in the light of LIS theory to ensure that the content was relevant to
the development of LIS theory. Moreover, 640 (4.61%) articles were finally considered for
further research after removing all unrelated text unrelated to LIS theory.

Data formatting

This step is necessary to convert text data to an appropriate format for automated
processing. In this phase, the extracted corpus data in Excel format is split into CSV (Comma
Separated Values) files containing only titles and abstracts. Additionally, ASReview
(https://asreview.nl/) and OpenRefine (https://openrefine.org/) have been used for further deep
faceting operations on corpus data.

Data analysis
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It includes analyzing corpus data with various tools to identify key topics and reveal
relationships using different matrices. Finally, in the last phase, topic modeling was applied to
the corpus to identify key issues, which were visualized as word clouds. It also shows the
development of the subject (decade-wise) and the use and application of theories in the LIS
domain. Let us examine the different processes and significant steps involved in our topic
model, from selecting the corpus to initializing the model. The whole process is depicted in
Figure 1.

P ———
Data collected from Corpus Data
| Scopus N ’ L
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Figure 1: Data processing for topic modeling

Toolkits used

Many open-source tools and toolkits are available and employed to develop topic models
in many applications. Some toolkits are discussed and mainly utilized in NLP (natural language
processing). Many open-source tools meant for topic modeling have been used in different
stages and layers of their implementation. Multiple algorithms are used to create this topic
model, including Latent Dirichlet Allocation (LDA) and Gensim (an open-source Python
library  for  automatically = extracting  semantic  topics  from  documents)
(https://radimrehurek.com/gensim/), which consider ‘words to topics’ and ‘topics to
documents’. Apart from these two tools, viz., the Google Topic Model
(https://code.google.com/archive/p/topic-modeling-tool/) and NLTK (https://www.nltk.org/

nltk data/(developed by Stanford University, USA) has also been consulted for selecting
the best tool for our purposes. Spacy (https://spacy.io/) was used for data processing, and the
NLTK dictionary was used for lemmatization (WordNetLemmatizer from NLTK), which
removes unnecessary words or noisy text, such as adjectives, verbs, adverbs, symbols, and
phrases. Jupyter Notebook (https://jupyter.org/) has also been used for scientific computing and
for automatically making data readable. Authors have used NTLK’s library’s ‘English’ stop-
word list here. The authors have also created a custom stop-word list for pre-processing corpus
data effectively and efficiently.

Finally, ‘Distant Reader’ (https://distantreader.org/), an ‘off-the-shelf” open-source
software developed by Eric Lease Morgan at the University of Notre Dame, has been selected
for our purpose due to its readability and web interface. Another necessary logic behind
choosing this tool is that it is almost a finished product, and all the software required for topic
modeling is already compatible with it. However, Distant Reader does not offer online or
website support; it can be downloaded and installed locally.
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Results
In essence, although topic models bring statistical analysis and can advance social science
research, each algorithm has its own unique properties and relies on different assumptions. This
section (Sub-section 5.1 to Sub-section 5.6) and subsequent sections (Section 6 & Section 7
consist of two parts, viz. Identification of Core Topics and Identification of Core Theories
show eight types of results related to the research questions described above.

Readability measurement

On a scale from 0 to 100, where achieving zero is very difficult and achieving 100 is very
easy. Our model has achieved an average readability score of 28. The following chart illustrates
the overall readability of this model (Figure 2).
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Figure 2: Readability measurement of the model

Bigrams and unigrams

In this topic modeling framework, we have created word clusters (a data visualization
technique) rather than text clusters to show the most essential words in the corpus data based
on their frequency of occurrence. Some of the more frequent words include the following and
are also depicted in Fig. 3. Bigrams and Unigrams are presented to show word occurrences in
corpus data. A unigram has been prepared, considering a word's occurrence without looking at
the previous word. Here, it is assumed that all words in a document are generated from a
distribution and that this distribution draws a topic for each document (Figure 3). The figure
shows the word cloud for each topic.
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Figure 3: Bigram and unigram

On the other hand, Bigrams are prepared to consider only the previous word when
predicting the current word; all word pairs are collocations. This Bigrams occurrence considers
a relationship or edge between two words only if they appear in sequence. It consists of phrases
containing two adjacent words. Figure 4 shows the most frequent (frequent appearance) two-
word phrases i.e., Bigrams, and their occurrence in corpus data.

bigram

‘This is a table of type bigram and their frequencies. Use it to search & browse the list to learn more about your study carrel.

Show 10 -~ | entries Search:
bigram frequency
information literacy 233
information science 180
grounded theory 152
information seeking 97
academic libraries 85
learning theory 73
knowledge organization 70
information retrieval 69
public libraries 64
activity theory 62

Figure 4: Frequency of occurrence (bigram)

Data visualization/word cloud

A word cloud visualizes terms by their frequency in a given topic. It shows the most
frequent words and the co-occurrence frequencies of words in a text, where the relative size of
a word reflects its frequency and indicates that it is often used together (Barua, Thomas &
Hassan, 2014; Treude & Wagner, 2019). It can be insightful in topic modeling, showing which
keywords occur most frequently in the given text. Visualizing topic terms with word clouds
provides an overview of the probabilistic presence of terms within topics. This "word cloud"
indicates the frequency and weight of words in a corpus or document. This model can display
associated words, the most relevant documents matching the topic, and a list of related topics
in the corpus. Here, words with a higher frequency are indicated by their larger size in the
visualized graph (Figure 5).
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Figure 5: Generation of a word cloud of the most frequent words

Topic modeling

As stated, the topic model is a statistical language model used to extract and uncover hidden
structures in a collection of texts. If the corpus data is summed up in a single word, then that
word might be 'information,' 'learning,' and 'theory' ('topics'). Again, if corpus data is summed
up into five topics and each topic is denoted with three words, then those topics and their most
significantly associated words would be 'information, theory, knowledge'; 'learning, theory,
information'; 'learning, theory, students'; 'libraries, library, theory'; 'library, theory,
development' (Table 2). Table 2 shows the topics and word occurrences in the corpus.

Table 2
Topic modeling
Three words: ‘topics.’
Words Frequency of Occurrence
information 436
learning 60
theory 507
Five words: ‘topics.’
information, theory, knowledge 436
learning, theory, information 504
learning, theory, students 350
libraries, library, theory 470
library, theory, development 434

The study shows the top five topics, each denoted by three keywords (Figure 6).
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Topics
information theory knowledge
learning theory information
learning theory students
libraries library theory
library theory development

Figure 6: Topic modeling (five topics)

Not all topic modeling techniques apply to every setting or type of text. It depends on the
kind of document or the nature of the text. Each topic modeling technique has limitations and
constraints (Chen et al., 2016). However, Distant Reader has its limitations. For example, it
cannot generate the best topic or model and does not provide perplexity or topic coherence.
However, calculating these values is essential for assessing a topic model's performance. The
authors used Python's Gensim library in a Jupyter Notebook to calculate these two values.

Topic model investigated

Naturally, the question arises: How helpful is the model in identifying topics from the
corpus? The program or software authors have used does not give us the meanings of the words,
but rather groups words based on co-occurrence patterns. It does not convey the text's complete
sense, but it provides a good overview of the themes. Here, five topics have been selected, as
experts (Mathew, Agrawal & Menzies, 2017) opined that selecting 5—10 topics is an excellent
heuristic for the model. Here, topics are labelled from '0' to '4,' and the model is built on five
topics (Figure 7), where each topic is a combination of keywords, and each keyword contributes
a certain weight to the topic. For each topic, there is a list of words most relevant to the particular
topic. All five topics are distinguishable, and almost all the words are appropriate. The top 5
topics consisted of 10 keywords, and their probabilities are displayed. Here, five topics have
been presented, focusing on the quality of corpus data. These five topics cover most of the
angles of the sample data or corpus. Including more topics increases the risk of overfitting, and
the model may not form proper clusters. So, let us see what a topic looks like in the proposed
model. Figure 7 shows the top 10 keywords that contribute to this topic (topic 0) are ‘learning’,
‘library’, ‘theory’, and so on, and the weight of the word/topic ‘/earning’ on topic ‘0’ is 0.028.
These weights reflect how important a keyword is to that particular topic. We can say that the
proposed model has successfully identified the five topics from the dataset.
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[(e,
'0.028*"Llearning” + 0.018*"1library" + 0.018*"theory"” + 0.016*"student" + '
'0.015*"librarian” + 0.011*"academic" + 0.007*"research"” + 0.007*"study" + '
'0.007*"Lliteracy” + 0.007*"practice"'),

(1,
'0.053*"information" + 0.041*"theory" + 0.027*"knowledge" + 0.015*"paper” + '
'0.013*"concept"” + 0.009*"research” + 0.009*"organization" + '
'0.008*"activity"” + 0.007*"science" + 0.007*"document"'),

(2,
'0.032*"library"” + 0.021*"theory” + 0.013*"research” + 0.013*"information” + '
'0.011*"study" + 0.009*"paper"” + 0.009*"cataloging” + 0.007*"model” + °
'0.007*"management” + 0.007*"science"'),

(3,
'8.036*"information"” + ©.020*"study" + 0.016*"model™ + 0.016*"user" + '
'0.014*"seeking” + 0.010*"research” + 0.008*"using” + 0.008*"behavior" + '
'0.008*"used” + 0.008*"theory"'),

(4,
'0.033*"classification” + 0.014*"system"” + 0.013*"model” + 0.013*"based" + °
'0.012*"metadata"” + 0.011*"retrieval” + 0.011*"indexing" + ©0.008*"theory"” + '
'0.007*"document” + 0.006*"approach"')]

Figure 7: Topic modeling results with topic term weights

Topic coherence and model perplexity

As with other models, the quality of this topic model can be assessed using perplexity and
coherence values. The coherence method was proposed by Rdder, Both, and Hinneburg (2015)
to evaluate a topic's classification effectiveness by measuring the degree of semantic co-
occurrence between high-probability words in the topic. It is one of the most popular metrics
for evaluating topic models, measuring the degree of semantic similarity among words within
a topic. The Coherence Score is an evaluation method used to measure topic consistency
resulting from the application of topic model algorithms. Assessing the coherence of a topic is
essential and is considered the best way to provide insight into its interpretability for humans.
It measures how similar the words are to each other in the corpus data or how often a topic is
encountered (i.e., topic strength). The coherence score indicates the quality of the learned topics
via a single quantitative, scalar value and also measures the relative distance between words
within a topic. So, the higher the score, the better the topics are extracted.

Apart from topic modeling, the authors have used the perplexity and coherence scores in
this experiment to assess how interpretable the topics are to humans, how well the topics are
extracted, and how informative the topics are derived from the proposed model. The perplexity
metric measures how well a topic model predicts the issues of new data. It considers and
measures the predictive ability of a statistical model for documents. Perplexity is inversely
proportional to the likelihood of the data given in the model. The smaller or lower the perplexity
value, the better the model with that number of topics (Griffiths & Steyvers, 2004). For a good
model, the perplexity score should be low, and the coherence score should be high. Here, the
perplexity score is negative (-7.494) (Figure 8), which indicates the model's better performance
or prediction ability. The coherence score of our model is 0.343 (Figure 8). By using this value,
authors have tried to measure the degree of semantic similarity between high-scoring words in
the derived topics. The objective is to help the reader distinguish between semantically
interpretable issues and those that are artifacts of statistical inference.

Perplexity: -7.494536512558358

Coherence Score: 0.34311529303084953

Figure 8: Perplexity value and topic coherence value

Here, model number 15 (Figure 9) is the most helpful in representing the topics covered in
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the corpus data. As a result, the model with 15 topics was chosen as the number of topics (Figure
9). It indicates the highest coherence score, which implies better interpretability. The model
with the best coherence score has 15 topics. It shows that most topics exhibit a relatively high
level of (subjective) coherence. The coherence score also increases with the number of topics.
Here, the coherence value has been calculated for each number of topics to determine the
optimal number. Here, the coherence value peaks at 15, so we will use 15 topics; the higher the
topic coherence, the more human-interpretable the topic.

Number of Topics vs. Coherence

Coherence

029 4 ) / )‘r

0.28 1

0.27 4

S 6 T B8 9 1011 12 13 14 1S 16 17 18 19 20 21 22 23 24
Number of Topics

Figure 9: Best topic model

Topic identification (decade-wise)

This section aims to identify the most prevailing research trends (e.g., Identification of Core
Topics) in LIS from 1970 to 2021. By grouping topics into broad thematic areas, we can trace
the evolution of LIS research during this period. Even from this model, we can track how topics
evolved, i.e., "topics over time" (TOT). We have grouped the entire period into five blocks or
clusters (Table 3), with each block spanning 10 years (except for cluster V), to understand the
chronological growth of subjects or the transition of the knowledge structure in the LIS domain.
A total of 5 topics, each with the top 10 keywords, are labeled based on their frequency of
occurrence in the corpus. In doing so, in some cases, similar topics or keywords overlap and
are thus avoided.

Table 3
Results of the topic model (block/cluster-wise)
Period No. of Topics (5) & Keywords (10) Bigram
(Ten Years) Articles (block/cluster-wise) (10 words)
. . TOPICS information retrieval (search
[information, retrieval, document],
. . patterns, fuzzy set, Boolean
[theory, indexing, systems], . . .
[model, theory, information] retrieval), information theory,
1970-1979 12 ’ A ’ information service, set

(Block/Cluster 1)

[librarianship, online, information],
[information, theory, retrieval]

Keywords
information, theory, retrieval,

theory, online bibliographic,

contingency theory, serials
cataloging, bibliographic

searching, Bayesian model
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Period No. of Topics (5) & Keywords (10) Bigram
(Ten Years) Articles (block/cluster-wise) (10 words)
indexing, librarianship, fuzzy,
boolean, reference, shannon,
library, boolean, bayesian
Topics
[information, theory, indexing],
[theory, library, interactional], . . .
. . : information retrieval,
[information, theory, techniques], . .
) o information theory,
[theory, information, job], . .
.. . classification theory,
[analysis, information, research] . . LT
information processing, job
1980-1989 Keywords Satlgf:;t;on’cﬁzzlﬁon
(Block/Cluster 1I) )3 information, theory, library, mana erflg;:nt rounded
Ranganathan, indexing, reference, £ : ,.g
. . theory, indexing theory,
organization, learning, Goffman, ..
. . . organization theory,
education, classification, Boolean, .o
knowledge organization,
management . .
reference policy/services
Topics
information, theory, library],
[information, theory, library], information seeking,
[information, library, theory], knowledge organization,
[information, theory, library], information retrieval,
[theory, information, reference] | information literacy, learning
theory, collection
1990-1999 Keywords development, grounded
(Block/Cluster I1I) information, library, theory, theory, classification schemes,
92 knowledge, reference, job satisfaction, style theory,
communication, classification, |communication theory, unified
ontology, OAI, indexing, theory, bibliographic control,
cataloging information theory,
classification theory
Topics
[-learmng., theory, library], information literacy, grounded
[information, web, theory], C . ..
. . . theory, digital library, activity
[information, library, theory], ..
. . theory, public library,
[information, theory, paper], . ; . .
[information, library, theory] information seeking, learning
’ ¥ i theory, classification theory,
academic library, knowledge
2000-2009 . . Keywords . organization, seeking
information, theory, web, library, ) . .
(Block/Cluster 1V) . . . behaviour or information
271 knowledge, learning, classification, ) C
. . behaviour, institutional
theory, literacy, activity, cultural, o
. repositories, open access,
grounded, metadata, digital, . .
digital culture, adult learning
reference, Ranganathan, catalog
Topics information literacy, grounded

library, use, theory],
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Period No. of Topics (5) & Keywords (10) Bigram
(Ten Years) Articles (block/cluster-wise) (10 words)
2010-2021 [information, theory, learning], public libraries, information
(Block/Cluster V) [information, theory, knowledge], |seeking, social media, learning
237 [research, library, information], theory, library services,
[learning, information, study] activity theory, knowledge
management, digital library,
Keywords unified theory, learning
information, library, classification, theories,
theory, learning, digital,
Ranganathan,
knowledge, ontology, Moodle

Discussion
Here, the discussion is presented in two parts/sections: (A) identification of core topics and
(B) identification of unique theories used in LIS research during the period, as shown in Table
3. The objective is to identify the most popular research topics and the most prominent theories
used in LIS research through topic modeling. Here, the discussion is organized into five broad
clusters/blocks within two broad parts/sections, as stated above.

Identification of core topics (decade-wise)

This particular section addresses the following questions:

Q.1. Which topics were most discussed? Or

Q.2. What were the research topics studied in the LIS area during the period?

Identifying the specific focus of the topics under each decade or cluster is impossible for
several reasons. It is because one topic has been discussed for many decades. For example,
information retrieval has been addressed in all the clusters from different viewpoints. Before
1990 or the introduction of computers in information retrieval, pre-coordinate/post-coordinate
indexing were used, and Uniterm indexing came to the market after 1985. However, after 1990,
different retrieval models (such as the vector space model, probabilistic model, and cognitive
model) were introduced. Thus, different search techniques (such as Boolean logic) were used
by retrieval systems. Here, the authors have tried to present the decade-wise trends for the
subject LIS. The topics could be grouped into the following six broad categories to better
understand the subject and our purposes in preparing the paper: The main issues may be like
the following, and all these key terms have been incorporated into these six (06) main groups:

® [nformation retrieval;

Information seeking (information seeking behaviour/information needs),;
Knowledge organisation (information/knowledge management);

User study (information literacy, user education);

Metric study (such as bibliometrics); and

e Digital library (institutional repository, open access/open knowledge).

A.1. Cluster I (1970-1979).: The primary focus was on probabilistic information retrieval
methods. However, it originated in the late 1950s. Various search techniques, including fuzzy
logic, set theory, and Boolean operators, were used. All these techniques were best suited for
text retrieval in bibliographic databases. During this period, various models for document
retrieval were developed. Apart from that, the decade was found to be the decade of
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bibliographic classification and indexing. There was a strong emphasis on classification and
indexing, and theories related to these areas were also areas of research. General systems theory
(GST), as a meta-theory proposed by Ludwig von Bertalanffy, was outlined. Again, critical
theory, which began in Germany in the 1920s, entered the LIS field. Moreover, knowledge
management appeared as a discipline before 1980.

A.2. Cluster II (1980—1989): Each cluster saw some progress towards information retrieval.
However, developing user-centric information retrieval systems was dominant in cluster II
(1980-1989). Information processing, or information management, was the main focus, and a
range of search strategies was used in this cluster. By the 1980s, full-text search had become
commercially established in online retrieval systems. Here, searching was restricted to
document searching, and many retrieval models used ranking techniques to improve search
effectiveness. However, Boolean retrieval dominated the commercial world. Apart from that,
theories of classification and indexing were introduced to improve the organisation and
representation of knowledge. Grounded theory, initially developed in sociology in 1960, was
introduced in information science research as a qualitative data analysis method. However,
information scientists like Shannon (1948) and Shannon and Weaver (1949) had already
developed and used statistical communication theory (also known as the classical theory of
communication or information theory) in information science.

A.3. Cluster III (1990-1999): The arrival of the Internet in 1990 and the search engines
changed the information search process for users. As a result, information needs and search
behaviour have changed. There has been a dramatic shift from proprietary information systems
and library resources to web-based systems and e-resources. Learning theory was introduced to
understand how scholars receive, process, and retain knowledge in this new environment. In
1991, Keith Devlin (1991), developed an information semantic theory, and in 1994, Wolfgang
Hofkirchner (2009) put forward a new concept of unified information theory.

A.4. Cluster IV (2000-2009): We witnessed a paradigm shift towards greater emphasis on
scholarly communications and papers related to open access, digital libraries, and institutional
repositories. This is due to the emergence of many open-access initiatives at the international
level, such as the BOAI the Berlin & Bethesda statements, popularly known as the 3Bs. As a
result, resources are now available on open platforms. After 2000, we saw the emergence of
concept search in information retrieval, where humans acted as intermediaries.

A.5. Cluster V (2010-2021): 1t is noticed that during this decade, the traditional topics have
lost their value due to the advancement of ICT and the open-source software movement. New
issues like integrated library systems (Moodle), machine learning, and big data were introduced.
A decreasing trend was observed among traditional topics, and the advent of social media
influenced LIS research. Moreover, significant changes occurred in natural language
processing, information retrieval (image processing), and knowledge management. Various
language models have been introduced, and data science has emerged as a cutting-edge field of
study. Activity theory originated in psychology and was introduced to inform the design and
development of information systems research. However, papers on ‘information seeking’ and
‘information retrieval’ appeared in almost all the clusters with a new look. Two well-known
works, viz. ‘Kuhlthau’s Information Search Process’ (ISP) and ‘Inversen’s Cognitive
Information Retrieval’ were also introduced in the LIS domain.
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Identification of core theories (decade-wise)

The main objectives of this section are to address the following questions:

Q.1. What were the theories applied in LIS research (cluster-wise as stated above)? Or

Q.2. Which were the most critical theories discussed in the corpus data during the period?

Many LIS researchers have developed theories, especially in information science, including
information-seeking behaviour. Initially, a theory was created for a particular discipline and has
since been modified and utilised in other disciplines or for different sets of phenomena. The use
and application of theories for conducting research are everyday in any academic discipline,
and LIS is no exception. This section shows the use of theories in corpus data from 1970 to
2021.

B.1. Block/Cluster I (1970-1979): In this period, twelve (12) documents were included in
the corpus; the cluster consists of topics (5) and keywords (10). Some popular theories, such as
organizational theory, fuzzy set theory, grounded theory, cultural-historical activity theory, and
social reproduction theory, were used during this period. However, learning theory was found
to be the most dominant theory in researchers' papers.

B.2. Block/Cluster II (1980-1989): In this block, twenty-eight (28) documents were
reviewed and highlighted, including some key topics (5) and corresponding keywords (10).
Here, we have identified applications of popular theories, such as cognitive load theory, dual
coding theory, adaptive resonance theory, field theory, the socio-cultural theories of Lev
Vygotsky and Jean Lave, the theory of green library management, and the theory of
management strategy, that were used during this period. However, the grounded theory and
learning theory were in focus during this cluster.

B.3. Block/Cluster III (1990-1999): Ninety-two (92) articles were reported, and some key
topics (5), including keywords (10), were extracted. Like cluster I and cluster II, articles have
covered many popular theories, such as Darwin's theory, Pask's conversation theory, the
cognitive theory of Howard Gardner, the core competency theory of Selznick, the theory of
symbolic interactionism, Critical Race theory, the educational theory of John Dewey, Howard
Gardner's multiple intelligence theory, the Theory of Change, the Theory of Reasoned Action
(TRA), management theory of Henry Mintzberg, Mayer's theory of multimedia learning, Ikujiro
Nonaka's theories, cognitive development theory (Perry's theory), and so on. Unlike /earning
or grounded theory, most articles were based on the Technology Acceptance Model (TAM) or
the Unified Theory of Acceptance.

B.4. Block/Cluster 1V (2000-2009): Here, two hundred seventy-one (271) articles were
reported, and some key topics (5), including keywords (10), were extracted. Some of the
popular theories covered are activity theory, change management theory, the critical theories
of Stuart Selber and Gunther Kress, structuration theory, Ranganathan's classification
theories, information literacy theories, the postmodern theory of knowledge organization,
cataloguing and classification theory, sense-making theory, the theory of collection
development, and information systems design theory. Here, it is difficult to say which theories
were mainly used. However, grounded theory, learning theory, information theory, or
information library theory were in focus.

B.5. Block/Cluster V (2010-2021): In this period, a total of two hundreds thirty seven (237)
articles were found covering different theories such as the theory of indexing (Jonker, Heilprin,
Landry, and Salton), cataloguing theory (Anthony Panizzi and Seymour Lubetzky),
classification theory or facet analytical theory (Ranganathan), information retrieval theory
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(fuzzy set theory.), 5S Theory (digital library), theory of book selection (Ranganathan), and so
on. Although there is debate over whether these (e.g., cataloguing theory, classification theory,
theory of book selection, theory of collection development) are theories of LIS, researchers
differ in their opinions on this (Roy & Mukhopadhyay, 2023).

Based on the discussion, the theoretical foundation of the LIS domain is relatively weak,
and the field relies on other disciplines for its theoretical underpinnings. The majority of
theories were from social sciences, and research in LIS is confined to theories developed and
used in complementary disciplines. A recent study (Roy & Mukhopadhyay, 2023) also shares
this view and reports that the theoretical foundations of LIS are understudied. In addition to LIS
theory, researchers in the LIS field have used theories from other disciplines to pursue their
research. This study also shows that each cluster has its own research focus. An in-depth
analysis of keywords, titles, and abstracts suggested commonalities among topics and theories
used in LIS. However, many developments occurred due to technological advancements,
especially the Internet and open-source software such as Koha (for library automation) -
https://koha-community.org/, DSpace (for developing a digital repository) - https://dspace.org/.
As a result, we noticed significant changes in topics but slight changes in categories.

Conclusion

Topic modeling is a technique used in information retrieval to automatically identify and
organize the hidden topics in an extensive collection of textual documents. It provides a way to
understand and summarize large amounts of text and is widely used in natural language
processing tasks. Baghmohammad, Mansouri, and Cheashmehsohrabi (2021) rightly opined
that it could help researchers identify the thrust areas of LIS. But over time, the intent of topic
modeling has changed in many ways. New topics are emerging/coming, and old ones become
obsolete over time in all domains. Initially, topic models were applied mainly in text mining, a
sub-branch of data mining, and information retrieval, and are familiar with content analysis, or
citation analysis. All these analyses are mainly for short texts and do not span related fields.

With advances in topic modeling, various techniques, including an extended version of
LDA based on related theories, have emerged, but each algorithm has its strengths and
weaknesses. Different models and model categories have distinct characteristics and thus
coexist to serve in other contexts and on different corpora. Some of the techniques mentioned
are very promising but need more study and development to become widely used. Specific
questions, such as how to select the optimal number of topics, how to choose priors, and which
inference technique is best suited to the purpose, remain unresolved. As stated, the topic model
has several advantages and certain restrictions. LDA is a standard topic modeling method, but
it has several drawbacks. One of the main disadvantages of LDA is that it can produce
ambiguous or incoherent topics, especially if the data is noisy, sparse, or heterogeneous. It relies
on the assumption that the words in each topic are related to one another and meaningful, but
this may not always hold in practice. For example, some words may have multiple meanings,
some topics may overlap or be too broad, and some documents may cover multiple or unrelated
topics. Another disadvantage of LDA is that it can be computationally intensive, especially
when the corpus is extensive, the number of topics is high, or the model is complex. LDA
requires multiple iterations and optimization steps to estimate topic distributions, which can
consume significant resources and memory. In addition, LDA has other limitations, such as it
generates a limited number of topics; produces incoherent topics, especially with noisy or sparse
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data; may not capture nuanced variations or specific patterns; can be computationally
demanding, especially with large datasets or complex models; performs poorly with short
documents; cannot model advanced data relationships; does not consider word order, which is
a key or crucial characteristic of language; randomly assigns topics to documents, so the results
are affected by document order; as is unsupervised, so it may not capture nuanced variations or
specific patterns that supervised methods can handle; requires careful adjustment of
hyperparameters, which can be time-consuming.

Despite several limitations, it has many advantages over other models, making it popular
among researchers for automatic text analysis that extracts the main topics in a corpus. For these
reasons, it has been a powerful tool, particularly in Social Sciences research. For example, it
helps researchers gain a quick overview of the primary contents from a large volume of text
data (DiMaggio, Nag & Blei, 2013; Nelson, 2020). As a dimension-reduction technique, topic
modeling transforms a large sample of text into a much smaller set of topics. Another notable
advantage is that it offers scholars a novel analytical perspective, enabling the identification of
patterns that would likely remain undetected through manual coding alone, particularly when
dealing with large volumes of textual data (DiMaggio, Nag & Blei, 2013).

This research certainly has its limitations. Not all these models are always suited for
modeling more complex data relationships. This prototype, keeping in mind the limitations of
the existing models used in different text-mining studies, has been designed to organise and
analyse large corpora more effectively and efficiently than before, enabling better information
retrieval. Apart from these, this model may be used for automated classification and
categorization of the subject, summarization of long texts for qualitative analysis, query
expansion, ranking documents by relevance, personalizing search results, or making
recommendations by mapping user preferences to topics. It also makes it easier to find clusters
of similar documents in the corpus and related secondary issues. From a librarian's point of
view, this framework may help LIS professionals find similar texts or offer users suggestions
for what to read next. The authors cannot claim that this topic model can select the optimal
number of topics from any corpus. Even authors cannot say this model is foolproof or performs
like a human, but the results closely represent the text. Besides, the success of any topic model
depends on human judgement (Hannigan et al., 2019), the domain knowledge of the scholars
(Egger & Yu, 2022), and how far it can accomplish the task(s) for which it was built (Carter,
Brown, & Rahmani, 2016).

However, this robust model (from the same source) generates similar solutions with strong
predictive ability and can help avoid duplicate topics. This solution has nicely fulfilled its
promises (as stated in section 3) by discovering major topics and analysing which documents
cover them. It can find patterns of word use and connect and correlate documents that share
similar patterns. Even so, it can differentiate topics that are too similar. This framework may be
used for any exploratory analysis, discovery, browsing, or finding similar or related issues in
any domain. Although topic models have quantified short-text data, both the interpretation and
justification of the results come at the expense of data accuracy. The results may vary and
depend on the nature of the corpus, the techniques/tools used, the models applied, the data
preprocessing, the corpus size, and many other factors. Thus, future research should continue
to explore the effectiveness of topic modeling algorithms across different platforms. However,
there is room for further improvement, allowing the researchers to cover a broader range of LIS
journals and access more full-text data to gain a more in-depth understanding of the knowledge
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structure of the LIS domain.
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