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ABSTRACT

Topic models have gained extensive consideration from the information re-
trieval research community. As a result, the variety of extensions of topics
modelling techniques have been developed. The primary motivating factor
behind the majority of the extensions is to model the topics for the different
types of text domains. Topic models fundamentally transform high dimen-
sional corpus to the low dimensional topic subspace. The low dimensional
topic subspace is a set of a finite number of topics, which explains what
the entire corpus is all about, without actually going through the corpus
document by document. The interpretability of the topic models indicates
how good the whole corpus is being explained by the particular finite set
of topics. It can be measured quantitatively by the semantic coherence of
the topic model, and it depends on the semantic relationship between the
words of the topic. The semantic coherence is an essential element for the
topic models users for determining the further application of topic models.

A topic is a probability distribution over the vocabulary. The words of
topics are placed in descending order according to the probability of occur-
ring of words in that specific topic. The low probable words in the topic
are less semantically relevant compared to the high probable words which
result in the decrease of the semantic coherence value and affects the inter-
pretability of the topic model. In this work, topics have been modeled for
Gujarati newspaper corpus using Latent Dirichlet Allocation. To improve
the interpretability of the topic model, the semantic coherence optimization
technique has been proposed. The proposed methods considers the relevant
words set to optimize the semantic coherence and the interpretability of an
individual topic and topic model as a whole can be increased. The enhanced
interpretability of the topic model enables it to explain the corpus better.
The test outcomes have showed that the semantic coherence of the topic
model increased after the optimization process.

Furthermore, Gujarati linguistic knowledge has been incorporated for im-
proving interpretability of the topic model. The semantic coherence mea-
sure of the topic model turns out to be more significant when it comes to
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discovering the thematic structure of a language other than English, as each
language carries unique linguistic structure. Gujarati has been considered a
language with complex inflectional morphology, as a word in Gujarati may
have the high number of inflectional forms. The method has been applied
to reduce morphological inflectional forms of a word to its root word. It de-
creases the vocabulary size of the corpus. The topic inference process relies
on the vocabulary size. It has been proved experimentally that posterior
inference time decreased as the number of distinct words decreased in the
vocabulary. It also has been observed that topic diagnostic metrics and
semantic coherence improved compared topic inference without inflectional
forms reduction.

Moreover, The interpretability of the topic model is also influenced by poor
quality topics such as identical topics or mixed topics. The techniques have
been developed to deduplicate topic set by eliminating identical topics.
Additionally, Mixed topics have also been transformed into a topic which
expresses one specific theme, instead of a combination of two themes. The
topic model becomes more precise and understandable with respect to the
corpus. The topics become more distinguishable once poor quality top-
ics get eliminated. The experiments showed that the distance increased
between the topics, and the topic model became more interpretable seman-
tically.
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CHAPTER - 1

Introduction

Information retrieval is the most necessitated field due to rapidly increasing sources
of information over the internet. Information is made available in the form of web
pages, documents, images, videos, audios and many more. Remarkable improvement
has been made in the performance of techniques for text summarization and document
classification. Information retrieval has gained a lot of attention from researcher com-
munity and a result, there is an enormous amount of research work being done for text
summarization, document classification, document retrieval, text mining, web content
analysis, web page classification and much more. The extensive text collection or cor-
pus can be understood easily and quickly if it is transformed to some low dimensional
subspace.

Topic models have attained much interest among information retrieval researchers
community since recent years. Topic modeling techniques map the text collection to
low dimensional topic subspace, which is a cluster of words, known as the topic. Topic
models are statistical models to uncover the hidden structure of the text data. It gives
the provision to navigate through large text collection, digital library, web content and
search interface through their ability to automatically infer the topics and categorize
the documents accordingly. It can explain the corpus with a variety of ways, such as
topic proportion in a document, how many documents the specific topics span across,
what fraction of the collection falls into various categories of the theme [1].

The fundamental thought of topic model is that a document can be represented
as a mixture of topics and each topic is a probability distribution over the words of
vocabulary. Latent Dirichlet Allocation (LDA) [2] is a very popular technique for topic
modeling. Among the variety of topic models proposed, LDA is a rightly generative
model that is proficient in generalizing the topic distributions so that it can be used to
generate unseen documents as well. The comprehensiveness of the generative process
for documents is achieved by considering Dirichlet priors on the document distributions
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over topics and on the topic distributions over words.

1.1 Motivation

Topic models produce topics. The topic is a probability distribution over words of
vocabulary. Topics, the outcome of the topic models, might be utilized directly as
the part of information retrieval or as the intermediate output which works as the
input to the next phase of the task. The author-topic model [3], to search relation
between author and corresponding research area [4], scientific topic discovery [5], the-
matic structure discovery of patient notes [6], Wikipedia links ambiguity removal [7],
discovering health topics from twitter data [8] are the kind of the topic model which uti-
lizes the output as first-order of interest. On the other hand, the work of summarizing
multi-documents [9], Word sense induction [10], image labeling [11], and sentimental
analysis [12] have been applied topic models for the second-order of user interest.

A topic can be evaluated based on the how good the words among that topics
are semantically relevant with each other. Topic interpretability can be measured in
terms of semantic coherence of words. The topic with good semantic related words
is considered coherent or more interpretable. The topics discovered by topic models
have a varying semantic coherence, and it determines the interpretability of the topic
models. The better the interpretability of the topics, the better the topic model is.
In other words, it explains better what the whole corpus is about. However, Topic
modeling using LDA is an approximation algorithm, it generates poor quality topics
at times. The interpretability of poor quality topics would not be good. Poor quality
topics do have less coherence compare to the good quality topics. The coherence of poor
quality topics can be improved by replacing least relevant words with more relevant
words. Moreover, the linguistic structure of the language plays a very important part
of modeling topics from the text. For example, the morphological inflectional forms of
a specific language results in the poor formation of several topics.

1.2 Contribution

The semantic coherence optimization method for the topic model. The corpus com-
posed of Gujarati text news articles. Following objectives have mainly been targeted.

• The issue of low probable words which are irrelevant concerning other words
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in a topic has been discussed. The architecture for automatic topic coherence
optimization has been proposed. The coherence improvisation depends on a
dataset of documents consist of semantically and conceptually relevant words.

• The method for topic coherence optimization has been implemented for Gujarati
news articles corpus. The Gujarati text news articles have been extracted and
comprised in the corpus, and the proposed method has been applied. The news
articles were found with a lot of noise such as Hindi and English text interleaved
with Gujarati text. Images which were interleaved with text, also have been
removed . The corpus has been preprocessed document by document before
inputting to the method. Moreover, a dataset of relevant words also has been
prepared for coherence optimization.

• The technique for removing inflectional forms of words has been designed and
implemented. Gujarati is considered highly inflectional language as a root words
have 6 to 15 inflectional forms. The statistical inference process works on the
vocabulary. The length of vocabulary relies on weather inflectional forms are
reduced to root word or not. The time for topic inference relies on the length of
vocabulary. By reducing inflectional forms to its respective root word, the length
of vocabulary has been decreased to a remarkable extent. In turn, the time of
topic inference has also been decreased.

• Topic models output several topics which are very identical in terms of the prob-
ability distribution of words over the vocabulary. These identical topics are re-
dundant. They do not contribute to the good interpretability of the topic model.
The technique has been introduced to remove identical topics from the set of
topics.

• Similarly, mix topics have also been considered as poor quality topics. They must
be transformed to the precise topic for better coherence. The method have also
been introduced which converts mix topic to unmix topic.

1.3 Thesis Outline

This section outlines how the whole thesis has been organized chapter by chapter. It
describe brief of each chapter.

• In chapter 2, A detailed review of work done on topic modeling using Latent
Dirichlet Allocation has been presented. Initially, Latent Semantic Indexing

3



Introduction

(LSI) and Probabilistic Latent Semantic Indexing (pLSI) techniques have been
introduced in brief. It has been explained how LDA overcomes the limitations of
LSI and pLSI. The excellent quality of research work carried out across a variety
of domains has been presented. The LDA and its variation applied for multi-
lingual settings has been outlined. Moreover, the technique topic modeling for
short text has been reviewed. The chapter has been ended up with a review of
research work carried out for evaluation of topic modeling.

• In Chapter 3, the LDA technique has been explained in detail. The contents have
been stretched on how various random variables (Observed variables and hidden
variables) played their role in LDA. What is more, the working of LDA with an
example has been demonstrated. The illustration has been traced step by step.
It also covered the role of dirichlet distribution in LDA. The posterior inference
technique, Gibbs sampling, has been explained.

• In chapter 4, the method semantic coherence optimization has been proposed.
The architecture has been designed. The relevant word dataset has been pre-
pared. The relevant dataset helps replace low probable words with proper words.
The complete workflow for the topic formation and coherence optimization has
also been designed. The workflow explains the step by step working of the indi-
vidual components of the proposed architecture. The preprocess component has
been elaborated in detail. It shows the pre-processing stages through which the
corpus passes documents one after another. The pre-processing focused the lin-
guistic characteristics of Gujarati. It can be customized according to the language
under analysis.

• In chapter 5, It has been observed that though topic coherence optimization tech-
nique improves the interpretability of topic model. It can be further improvised
for Gujarati text specifically. It has been suggested to incorporate Gujarati lin-
guistic knowledge. Gujarati text has complex morphology so inflectional forms of
the word results in the proliferation of vocabulary size. The technique has been
introduced to reduce inflectional forms to the root words. The method has been
established on the list of suffixes. A suffix list has been constructed to help to
mitigate inflectional forms to its base words. The outcome of the experiments
proved that if the length of the vocabulary is curtailed, then posterior inference
time decreases proportionally.

• In chapter 6, Poor quality topics elimination techniques have been introduced.
Two categories of the topics have been considered as poor quality topics in this
specific research work. The identical topics, in which most of the words are same
in both of the topics. Their probability might be different slightly. The mix
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topics have been thought of as the mixture of two themes. Though Inflectional
forms reduction to root words decrease the size of the dictionary and infer the
topics in less time, it does not prevent the topic model from concluding identical
topics and mix topics as well. Both the type of topics are considered as weak
quality topics as they do not present the topic set precisely. The tests results
proved that topic model becomes more interpretable after poor quality topics
eliminated. The distinguishability between topics become more accurate such
that one can understand the topic clear-cut.

• At the end, chapter 7 concludes the research work carried out in this thesis
based on the outcomes of the experiments and noteworthy contributions. The
limitations have also been pointed out and accordingly offers the need for further
research in the future. Moreover, ways have been suggested for enhancement of
the proposed techniques and architecture, which can be adapted and applied in
other interrelated fields.
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CHAPTER - 2

Literature Review

This chapter reviews various approaches those have been utilized as a part of applica-
ble research regions. The applications of topics modeling spans across many factors.
Specifically, the literature covers topic modeling techniques using LDA. Figure 2.1 de-
picts that topic modeling is a part of text summarization and information retrieval.
Information retrieval and text summarization are vast zones for the research commu-
nity. The end goal of text summarization is to map the enormous text collection into
the small summary, without losing its efficacy. In other words, it presents the informa-
tion to the user in the efficiently interpretable form. In this chapter, various extensions
of LDA have been discussed. It also emphasis on the applying LDA across different
domain datasets. The topic modeling for bilingual and multilingual backgrounds also
has been studied. Moreover, application of topic modeling over short text also have
been addressed. There are several techniques and methods devised and applied to

FIGURE 2.1: Areas relevant to topic modeling

analyze the massive collection of unstructured data, also known as big data [13] [14]
including topic modeling using LDA [15]. There are two ways to access and use an
extensive collection of data. As keyword is entered in for searching, there shall be
listed set of documents related to our search keyword. The collection of data to locate
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the piece of precise information shall be enlisted. If the information relevant enough
to our search is not found out, other linked documents in that set is navigated. The
keyword-based approach is one of the essential strategies to interact with the massive
collection of documents. Topic-based exploration of a collection of documents is one
of the alternative way, in which particular labeled word cluster is used for searching
instead of keywords [16]. One can go for specialization or generalization for the given
topic or subject [1]. One can also discover the drift in topic inference concerning the
time. Time slicing could be very advantageous to track the topic deviation. Also, the
topic modeling technique can be applied in reverse. That is, first derive the topics from
the corpus and then use the topic to fetch the relevant document set.

2.1 Application of Topic Models

Topic Modeling using LDA offers its application across a variety of fields. The technique
is more useful for topic-based search [17]. When the keyword-based search technique
does not work efficiently, topic-based search gives better results. Moreover, sometimes
selecting keyword for searching a specific document from the gigantic collection turn
out to be a challenge. Instead, the theme based search is found more useful for areas of
information summarization such as online recommendation. The research study for the
online recommendation of books over social media confirmed that the proposed method
efficiently discovered over readers diversity for the most groups of the book [18].

Moreover, the topic model also has been tested against technique for prediction
or logistic regression. Lu at al. proposed multiple-channel latent Dirichlet allocation
(MCLDA) approach for modeling topics over health care data [19]. Furthermore, the
proposed method found proficient to pair the relationship between the diagnosis and
medication. They showed MCLDA outperformed the K-nearest neighbor and logistic
regression. On the same similar track of research for exploring healthcare and medicine
field, the association was modeled between the primary disease with additional disease
and treatment pattern [20]. Xing et al. utilized LDA) technique to infer user profile
signatures for detecting telecommunication fraud [21]. The fraud detection was based
on the view that noteworthy unusual behavior of an individual user. The experimental
results showed that the proposed idea worked accurately and efficiently. The expansion
of social media or social networking resulted in rapid increase of data. It also exposed
many research challenges concerning the social networking field. The work presented
in [22] targets the modeling of topics for structure and behavior of virtual organization
found in the social media. A diversity of methods were approached to model the topics
using LDA.

7



Literature review

Misra et al. achieved the goal of text segmentation by applying LDA and Mixture
Model (MM) [23]. They observed experimentally that LDA based method worked more
accurately compared to the MM based technique. LDA based method figured out topic
distribution and empowered one organize information about the thematic structure of
each segment. A study for open source software domain was explored to localize bugs
using LDA [24]. It was seen that LDA maintained sufficient accuracy across all bugs
in a single iteration of a software system. It also was found scalable for two software
system. The investigators derived the fact that LDA based technique is independent of
the size of the software system. Moro et al. presented the research study on grouping
the articles of the corpus on business intelligence in banking [25]. The outcomes proved
alignment between several terms of the topic and analogous trends.

2.1.1 Topic modeling with non-textual data

Topic modeling has been found very useful in the textual dataset across a variety of
domains. In addition to textual data, topic modeling also has been practiced for non-
textual dataset such as video, audio, images. These datasets also were combined it
textual dataset for various circumstances. The Video retrieval task centered on hidden
themes was attempted using an extended version of pLSA [26]. The work mainly aimed
to deal with an incremental database with more efficiently. The evidence determined
that LDA outperformed pLSA in unambiguous condition. Latent aspects of the video
were modeled using LDA for developing fingerprinting architecture [27]. The faces of
the video were selected as a feature of mixture distribution for video topics. Hu et al.
proposed Gaussian-LDA for audio retrieval, which has replaced multinomial distribu-
tion. Gaussian-LDA method was observed performing better compared to standard
LDA [28].

2.1.2 Topic evolution analysis over the time

Topic modeling techniques do not take the order of documents into account, in turn,
the order of words in the articles is also not considered. However, several topic models
present the set of records in the specific order, such as the order of documents were
generated. The main aim of such topic model is to observe how topic evolves over the
time duration. The work was proposed in [29] discussed how topics changes, remains
and lost over the time in the corpus. The concept of time slice was introduced to analyze
the evolution topics over the time. Korean news articles were used as a corpus for the
experiment. Documents were preprocessed Korean morpheme analyzer and part-of-
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speech tagging. Kullback-Liebler divergence measure used for similarity measurement.
The fluctuation and evolution in trends of the specific domain are to be modeled
for deriving pattern or knowledge. Time interval analysis was carried out for the
resources of medical domain and computer domain [30]. LDA was applied to measure
the phenomena in the three various resources over the time. The researchers observed
latest update reflection for medical domain compared to the computer field. Though
LDA was initially accustomed to working with batch processing or collection of data,
the work presented in [31] targets the data streaming for analyzing cluster or group
on time. The technique was practiced to model the changes in the characteristics of
cluster over time. The study also emphasized on for sequentially maintaining current
characteristics of the cluster.

2.1.3 Hierarchical Dirichlet Process

The dirichlet distribution is the significant feature of the LDA. Hierarchical Dirichlet
Process(HDP) empowers to model the topics in more deep levels. A probabilistic
process in a Bayesian nonparametric model offered for modeling the topics in more
abstract levels [32]. The proposed work established on the nested Chinese Restaurant
Process. The distance dependent Chinese Restaurant Process was introduced, which
took the data points which were near to each other into account [33]. HDP was scaled
based on the gamma representation of the Bayesian nonparametric mixed membership
model [34]. The proposed method overtook the HDP. The in-depth specialization of
topics modeled using recursive Chinese Restaurant Process [35]. The performance of
rCRP exceeded the performance of nCRP, HDP, and LDA. Likewise, user preference
of social tagging data was modeled as topics [36] in hierarchical manner.

2.2 Sophisticated Topic Models

This section covers the research the work carried out for analyzing various domains.
The dataset comes with huge and full of redundancy and noise. Though researchers
have inferred topics for particular datasets using Latent Dirichlet Allocation or ex-
tended version of it, preprocessing is applied to the dataset to make data appropriate
for learning. There are diversities of approaches devised to remove all kind of noise
and redundancy from that data. Moreover, it is not uncommon to apply methods for
stop word removal and stemming as a part of natural language processing.
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2.2.1 Author Topic Model

The work was proposed in [3] for a specific generative topic model, the author topic
model for a large collection of the research papers. This approach discovered many
topics concerning the author of those research articles. It was observed that Author
Topic Model performed better when a specific set of authors was augmented with a
set of research articles or documents. Author topic model could be used for a variety
of applications. One of them automatically recommends the reviewers for a particular
paper. Given the abstract of paper and list of authors in addition to known past
collaborators, then it outputs a list of highly relevant authors who can be reviewers for
this paper.

As topic model demonstrates how document set can be modeled as a mixture of
topics, author model is about generating a document, with the available group of
authors, and a probability distribution over words for each author of the group. The
proposed topic model employed advantages of both, Topic Mixture model and Author
model. Author topic model associated each author to topic distribution over θ, chosen
from dirichlet prior α. The topic proportion corresponding to the chosen author are
used to select topic z, and word is sampled from distribution over words ϕ, chosen from
dirichlet prior β. Gibbs sampling is used to infer the topics.

The similar type of work was attempted in [4]. Two objectives were furnished in the
proposed work. One approach was vector space modeling for static and dynamic words,
and other was topic-based approach using LDA to divulge the relationship between
author and research work. By observing outcomes of the experiment, It was concluded
that word based method performed better than the traditional method for finding the
relationship between the authors. On the other side, It was found that approach could
work for the given dataset only, they could not make the method generalize for every
dataset.

2.2.2 Finding scientific topics

Similarly, the work presented in [5] about discovering major themes of scientific inves-
tigation. The extracted themes uncovered about the emerging field in the science, or
which area of scientific research has been dominating. The patterns could be derived
to gain knowledge about changes in the scientific research over the time. it was found
useful to locate relevant research paper for the specific person of a field from a vast
archive of papers. In the beginning of the article, author has explained the working
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of Latent dirichlet allocation using Gibbs sampling. Researchers have emphasized on
showing the relationship between Topics, Documents and statistical inference. They
have mathematically shown the process how statistical inference could infer the topics
from huge collections of documents. Also, they have demonstrated the idea with the
help of a graphical example.

2.2.3 Redundancy-aware topic modeling for patient record notes

Topic could be modelled more accurately by removing redundant data from datasets [6].
Almost every piece of redundant data were removed before inputting to the model. The
dataset was consist of total 8557 patient notes, which were collected by examining 1247
patients. Out of those, 250 patient’s records were for testing. Also, each patient was
reviewed three times. The similarity among the records was computed using smith-
waterman alignment method, and the outcome revealed that subsequent documents
were similar by 29% and 25% respectively. 50% of notes were identical to other records.
The redundancy was distilled at two stages, by identification of a single representative
document for redundant documents, and removal of the similar paragraph from each
record. The whole process left behind the partial and nonredundant text.

Blei et al. explained the co-relationship among the inferred topics [37]. The Normal
logistic distribution was followed in place of dirichlet distribution. As a result, conju-
gacy is lost, and standard inference method could not work. Therefore, the Metropolis-
Hastings technique was selected due to the scale and high dimension of the data. It
was justified that LDA topic inference can be independent of one another. In normal
logistic distribution, draws on topics are correlated with each other. In simple words,
the sampling of topic 1 might influence sampling of topic 2 and topic 3 with various
extents.

2.3 Topic models across multiple languages

There is an enormous amount of research work has been done for data in the English
language. The reason also could be justified, as there are ample of datasets avail-
able for the experiment. UCI Irvine Machine Learning Repository1 and Kaggale2 are
benchmarking example of archives which makes available the structured, unstructured
and semi-structured data. But there is not so easy to locate the non-English dataset.

1https://archive.ics.uci.edu/ml/datasets.html
2https://www.kaggle.com/
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One has to either prepare the corpus by downloading documents from the internet.
Moreover, when it’s linguistically different, then preprocessing plays very vital role,
because to make the data machine processable and compatible to the algorithm under
study. It includes preparing of the stop-word list, stemming from the data, tokenizing,
identifying polysemy and synonymy and much more.

2.3.1 Arabic texts analysis for topic modeling evaluation

The set of themes was derived from Arabic text in the work [38]. A specific stemmer
was devised and applied as the task founded on linguistics characteristics. The efforts
were made to resolve mainly two objectives, first to extract stem from morpheme, and
to infer topics from Arabic text using Latent Dirichlet Allocation. The stemmer was
applied first followed by LDA on the output of stemmer. Arabic is from the semantic
language family and written from right to left. It consists of 28 letters total. There
are several Arabic dialects spoken in Arabic countries across the world. There is only
one form of written format found across the globe. Various stemming techniques were
introduced in brief. As a part of the task, the Light stemmer just truncated from a
word reduced list of affixes without trying to find roots. Root based stemmer could find
the best match root or pattern, which cut the dimension of document feature space.

The lemma based stemmer named Brahmi-Buckwalter stemmer abbreviated as
BBw. It achieved two objectives 1) Normalization preprocessing and 2) stem selec-
tion with morphological analysis. The experiments were carried out mainly for three
datasets of news articles. The test was run for all dataset across two different stem-
mers and proved that classification accuracy of the proposed stemmer outperformed
the counterpart.

In various experimental setup, there was an attempt to reveal the optimum clas-
sification accuracy for a diverse number of topics starting from 32 to 700 and two
stemmers. The same trial also was repeated for all the three datasets. It was observed
that lemma based stemmer worked better than root based stemmer. In the end, they
summarized that their lemma based approach worked better for various experimental
setup in comparison to root based approach. The proposed BBw approach proven
better for a variable number of topics. It was worth pointing that it was problematic
to understand how one can assess semantic aspects in Arabic texts without sufficient
linguistic knowledge. This study showed that the compelling developments in Arabic
IR and topic modeling could not be performed without close collaboration between
computer scientists and Arabic language experts.
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2.3.2 HM-BiTAM: Bilingual topic exploration, word align-
ment, and translation

The topic modeling technique can be practiced in multiple languages in parallel. The
topic inference was carried out in bilingual settings [39]. The word alignment and
topic alignment across two dialects could be performed using Hidden Markov Bilingual
Topic Admixture (HM-BiTAM), a nature of Statistical Machine Translation Appli-
cation. It mapped the parallel sentence pair from the parallel document pair. The
proposed method claimed to translate the document into another language concerning
the exhibition of topics and proportion of those topics for that particular document.

The proposed technique was based on Hidden Markov Model but modified for the
more generalized way. Generally, Statistical Machine translation system works on
sentence-pair irrespective of them are from document-pair or not. But with the ap-
proach of Admixture model or statistical inference, a document in source language can
be translated into the target document as a whole. Translation would be mapped by
considering essential topics discovered by that document-pair. As a result, it could
be stated that the documents would match semantically, but exact word to word or
sentence to sentence translation could not match. HM-BiTAM incorporated strong
point from two different aspects. The IBM BiTAM model was efficient to learn large-
scale data but could not capture word alignment with two different languages. To
overcome this, Researcher integrated with HMM. HMM worked on “proximity-bias”
assumption, means words tightly related to each other in the source language, also
aligned with words tightly associated with each other in the target language. It used
the mapping to assign word in the target language based on word position in the source
language. It also considered all previous alignments.

As per the generative scheme of HM-BiTAM, topic weight vector, ϕ is sampled
independently, given conjugate prior α. Initially, it was assumed that English and
foreign language shared the similar semantic meaning, and this was due to parallel
nature of data. Considering this assumption, it was not difficult to derive a topic
representation of foreign language. Topic-specific translation would have been much
more parsimonious and unambiguous using this model. It experimented with the given
method for word alignment, bilingual topic exploration, and machine translation. Ex-
periment results proved the HM-BiTAM more accurate compared to base version, for
training size 6M, 11M, and 22M words respectively. In another experimental setup, au-
thors again proved HM-BiTAM better regarding log-likelihood. Remarkably, Notably,
HM-BiTAM also outperforms IBM Model-4 by a notable margin.
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Bilingual Topic exploration parameter was tested concerning two different lan-
guages, English and Chinese. The outcomes reported that topics represented by both
the languages semantically were related. The index of terms in the similar topic across
both languages was also almost equal. The coupling of topic explained the consistency
of topic for both the languages under study. By the research, Topic-Specific Lexicon
Mapping also worked better compared to counter model under review. Conclusively,
Machine translation accuracy was increased.

2.3.3 Polylingual topic models

Similarly, The work was presented in [40] targeted multi-languages. The technique was
proposed topic modeling techniques in polylingual environments. The corpus composed
of eleven languages including English. It was demonstrated how topics were aligned
across the multiple languages under review. The second corpora were Wikipedia articles
in twelve languages.

Mimno et al. utilized this corpus to explore the ability of the model both to infer
similarities between vocabularies in different languages and to identify differences in
topic emphasis between languages. The topic inference was carried out for the various
number of topics. The Corpora were divided into two sets, one is “Glue” set and
“separate” set. The “Glue” set was used to train the model. It was analyzed that
PLTM could not work well for the incomparable corpus. So it was recommended to
add a small number of similar documents to the corpus. The topics could be identified
by adding these documents across the all incomparable corpus. In the end, it was
concluded that PLTM is an appropriate aligning topic in corpora that have a minimal
number of comparable documents.

2.3.4 Probabilistic topic modeling in multilingual settings: An
overview of its methodology and applications

On the same line, vulić at al. discussed about topic modeling in multilingual envi-
ronment set up in [41]. It began with an explanation of methodology, advantages,
and limitation for the topic modeling techniques across the languages. The primary
objective which was achieved was to provide an overview of thematic structure in the
multi-language environment, based on the experimental work on bilingual topic mod-
eling. The accomplishment inferred that bilingual topic modeling technique could be
generalized in the multilingual environment.
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Evaluation of the topic models was approached in several ways. In qualitative
evaluation method, the words in a topic must be semantically relevant to have the
better coherence of the topic. In other words, if semantically related words found in
the topic, then that topic could be said to have coherent. Topic models were evaluated
based on the perplexity measure, provided lower was better. A person might find less
confusion to interpret the topic if perplexity column is not high.

The work proposed in [42] was also about cross-lingual semantic similarity. It was
worked around semantically similar words across the languages. For each word in the
source language, there was a list of the related words in the target language. The
tasks focus on if the word in source language can be said semantically similar if they
represent topics which are also identical in context across both languages. One more
piece of work of the similar category for retrieval of information based on LDA across
numerous language [43].

2.4 Topic Modeling for short text

Document size relies on the nature of the corpus. Usually, documents like news articles,
research papers, and legal reports, abstract of research papers have a large number of
words. On the other side, microblogging website like Twitter put a restriction on a
number of characters in a tweet. The research community has shown good interest
to explore the topic structure on the short text dataset as tweets of Twitter. The
Short text documents are also necessary to reveal the interest of people using Twitter.
Besides, it may be shaped in a precise way to learn them correctly as showed in the
work [6].

2.4.1 BTM: Topic Modeling over Short Texts

The topic inference was made for a collection of short texts [44]. As short texts are very
widespread on the web in the form of social networking website, microblogging websites,
questions in QA system and much more. In addition to the short text sparsity, there
were two other challenges were discovered, the frequency of the word in the individual
short text was not very discriminative, and ambiguity is more due to limited contents.
The merging of short texts into a document was pointed out as a handy solution.

Instead of merging the short texts into documents, topics were modeled over bi-
term, the word co-occurrence patterns in documents. The Global word co-occurrence
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could be used to reveal the topics from a set of short texts documents. BTM theorized
that the two words in a bi-term shared the same topic drawn from a mixture of topics
over the whole corpus. For example, the words “iPad” and “iPhone” frequently co-
occurring with each other, made similar sense and possibly shared the same topic.
Xueqi Cheng et al. showed that if there were N words in a short text document,
then N(N-1)/2 number of words could be formed. i.e (w1, w2, w3) = (w1, w2), (w1,
w3), (w2, w3), where (,) was unordered. The BTM was found more memory efficient
compared to LDA. It was justified technically that it required less number of in-memory
variables. In LDA, the memory requirement keeps increasing with increasing number
of topics.

In addition to batch BTM, incremental BTM and online BTM were introduced.
Incremental BTM was to adopt an additional set of data into the already built model.
Online BTM was for streaming data. I was shown that both version memory were
efficient. Conclusively, BTM was simple and easy to implement, and also scalable for
the proposed online algorithm.

Besides, the title of the scientific document was considered for the domain for the
categorization. LDA was run first for modeling topics; then it was enriched by assigning
topics from topics model itself and then incorporating the external text of reformed
topics as external features. Three comprehensive datasets were verified against three
machine learning procedures, SVM, KNN and naïve Bayes [45]. By following the
same line of work, topic-enhance word embedding was introduced in [46] for sentiment
classification of Twitter data. The task ended up successfully by including SVM, a
traditional classification method to outperform other state-of-the-art methods. A kind
of recommendation system, name of TWILLITE, was implemented for twitter data [47].
LDA was used for recommending a precise number of top users to follow several top
tweets.

2.4.2 Discovering health topics in social media using topic
models

A Variation of LDA Topic Model, Ailment Topic Aspect Model (ATAM) was proposed
to unhide the health topics from the collection of tweets [8]. The ATAM filtered
comprehensive twitter data based on health-specific keywords in a supervised manner.
An ample of studies related to health targeted various zones of health and diseases for
illness detections. Some of them were performed for very specific illness detection [36-
40]. ATAM revealed new health issues without any prior knowledge. The work did not
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approach any specific illness. The complete end-to-end architecture was designed for
data collection and analysis. Dataset preparation itself was found a lengthy procedure.
The tweets were collected from 2009 to 2010 in the first phase, and from 2011 to 2013
in the second phase. Out of these collection, they have selected only tweets which were
matching with 269 health specific keyword.

Tweets from 2009-10 were filtered using key phrases and remaining tweets filtered
utilizing a crowdsourcing service called Amazon Mechanical Turk. After preprocessing
steps, each word in each tweet was given symptoms label. Besides, each tweet also was
given a label. The Words were given the different label, background/non-background,
ailment/non-ailment with a specific probability. Again in Ailment words, there were
general words, symptoms, and treatments. In the experiment, Ailment topics and non-
ailment topic with most probable words for them using ATAMwere derived. By another
experimental result, researchers found out that ATAM discovered 14 unique Ailmentin
comparison LDA with 10. Moreover, ATAM gained 70% identifiable ailments compared
with LDA 45%. By looking at the performance level of ATAM, it was concluded that
general purpose topic model could work to explore even in another medical domain.
Also, it was derived that by integrating the prior knowledge, supervised learning can
give better results.

Additionally, LDA performed on personalized hashtag microblogging data [48].
Hashtags are used to indicate specific subject for the discussion in microblogging web-
sites. Given the blog data to be mined, The tag-topic model determined the most
probable tags and for the given topic of the blog posts [49]. There was also a successful
attempt to model topics on tweets of Twitter based on geographical location [50]. The
topic modeling over the short text covered online chat conversation as domain of latent
topic discovery research [51].

2.4.3 Latent Dirichlet learning for document summarization

In the same way, the work about the hierarchical presentation of topics at the sentence
level and the document level was discussed [52] . The sentence-level thematic discovery
from the corpus was proposed. It was worked for both, theme discovery for sentences
across the corpus and topic discovery for terms. The experiments were carried out with
a varying number of topics and themes. Additionally, the operations were based on
subject and topic, instead of independent of each other. The presented approach was
differentiable from others in the sense that document and corpus could be represented
by both, a mixture of topics and mixture of themes. It was concluded that if 50 topics
and 100 themes were derived, then it performed at peak level.
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2.5 Topic Models Evaluation Methods

Inference of topics using LDA reduces the dimensions of the corpus at an extreme
level. The thousands of documents set with millions of words can be represented by
hundreds of topics each with tens of words. This dimensionality reduction may give
the quick view what the document set is all about. But there may be the case that
inference is not as faultless as expected. The interpretation depends on how words are
closely similar to each other in the given topic. In the similar context, how similar
document depends on the set of topics and proportion of those topics. what extent a
topic is similar to another topic, or a document is similar to another document can
be measured by the set of similarity measurement techniques of methods. Sometimes,
these methods are also known as divergence measurement techniques. There are several
functions available for measuring the similarity among the documents and topics [53].

The Kullback Leibler Divergence

The similarity or difference (divergence) between two topics, topic K1 and topic K2,
can be measured by the similarity between the distributions over words ϕ1 and ϕ2 for
them. Equally, the discrepancy between document d1 and document d2 can be calcu-
lated with respect to the topic distribution θ1 and theta θ2. The Kullback Leibler (KL)
is the standard function to determine divergence between two distribution p and q.

D(p, q) =
∑K

j=1 log2
pi
qj

When p and q distribution are exactly similar distribution, this function is equal to
zero. K-L divergence is not symmetric measure. That is, the summation of difference
between p and q may not be equal to summation of difference between q and p [53].
Therefore, it is convenient to apply symmetric measure based on KL divergence.
KL(p, q) = 1

2
[D(p, q) +D(q, p)]

Jensen-Shannon (JS) Divergence

J-S divergence is another way to measure the difference between two distributions.
Similarity between p and q is measured through the average (p+q)/2. In addition,
Euclidian distance, dot product and cosine similarity are also possible function to
compute similarity between two distributions.
JS(p, q) = 1

2
D[(p, (p+ q)/2) + (q, (p+ q)/2)]
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Manhattan distance

Manhattan distance is a metric in which the distance between two points is the sum
of the absolute differences of their cartesian coordinates. In a simple way of saying,
it is the total sum of the difference between the x-coordinates and y-coordinates. For
example, if there are two vectors, a and b, then just calculate the difference between the
absolute x-axis and y-axis difference of dimensions. For example, Manhattan distance
between two vectors a and b in an n-dimensional real vector space with the fixed
Cartesian coordinate system is the sum of the lengths of the projections of the line
segment between the points onto the coordinate axes. More formally vectors are of
n-dimensions, then the Manhattan distance can be calculated as,

M(a, b) = ∥a− b∥1

=
n∑

i=1

|ai − bi|,where (a,b) are vectors
(2.1)

This Manhattan distance metric is also recognized as Manhattan length, rectilinear
distance, L1 distance, L1 norm, city block distance, Minkowski’s L1 distance, taxi cab
metric, or city block distance.

After topic model constructed, it exhibits the problem of deciding how better these
topics and the this particular topic models. Besides, it offers the ways how this problem
can be addressed [54]. Topic models enrich the ways the text can be searched from
numerous sources of information such as internet data collections, documents collection,
web interface. However, there might be a question how to use them.

2.5.1 Topic model diagnostics: Assessing domain relevance via
topical alignment

Chuang et al. [55] presented a framework to judge the appropriateness of topics at
immense scale. Mainly four categories of topics, ”junk”, ”fused”, ”missing” and ”re-
peated” were determined. The topic alignment measure over intrinsic evaluation such
as statistical measure or coherence were preferred. It was observed that rescaled dot
products outperformed KL divergence, cosine, and rank-based measure. As a part of
the experimental setup, they got generated reference corpus from the expert domain.
It was noticed by outcomes of the experiments that even small number changes in the
parameter may put many fused topics to resolved topic category and vice-a-versa.

As mentioned above, the similarity measurement techniques compute the index
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of how a topic is similar to or different from another topic. It works for the vector
of words. The work presented in [56] alternative approach for measuring the topic
coherence, which can be differentiated from the strategies based on the topic word
probability distribution. The primary focus of the proposed method was to compare
measures among various approaches such as word probability distribution, semantic
distribution, and knowledge-based approach and combination of those.

The similarity between two topics was measured concerning top 10 words using
pointwise cosine measure. The experiments were carried out against two datasets knows
as NYT and ukWAC with 47,229 and 50,000 news articles respectively, it was ended up
with 57,651 and 72,676 with unique tokens respectively after stopwords removal and
preprocessing. LDA and CTM were applied for 50, 100 and 200 topics. In turn, 600
to 800 topic pairs formed for comparison.

In [55], Chuang proposed techniques to diagnostic the topic goodness. Once it was
concluded that how good topic model was, it needed to be extended to for optimization
of the outcome of the topic model. An excellent piece of topic optimization work
was presented in [57]. Three objectives were proposed, automatic evaluation of topic
without reference corpus, analysis of how imperfection the topic and a novel method
for improving topic quality. There were used 300,000 articles from National Institute
of Health and having two experts from NINDS. There were three categories of topics:
“General”, “Research” and “Grant Mechanism and publication type”. Again in each
category, the topic was categorized as “Good”, “Intermediate” or “Bad”. In turn,
“Intermediate” and “Bad” topics were further categorized as “Chained”, “Intruder”,
“Random” or “Unbalanced”. In the initial phase of experimental setup, “topic size”
was set as a baseline. Topic size considered the number of tokens assigned to that
topic. There were 148 topics represented to the experts.

An extended work with the use of distributed semantics for topic coherence opti-
mization outperformed the state of the art techniques [58]. Three different datasets
experimented with the proposed technique. The Wikipedia was as the reference corpus.
Pointwise Mutual Information(PMI) technique was put into action for measuring the
distance among the words of a topic vector. A novel method was proposed for com-
puting the cohesion of a topic. In the same line, three different ways were described
namely cosine, dice and Jaccard. To weight the topic word, PMI and Normalized PMI
has been introduced.

For the experimental study, 300 topics were discovered. Three comprehensive
datasets with 47,229 News articles for NYT, 20,000 emails for NG20 and 30,000 sci-
entific articles for Genomics were used. Topics were represented by ten most probable
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words. Human annotation for topic evaluation was collected through crowdsourcing
platform. The NPMI performed better compared to PMI according to reported results.
It also was noticed that weighting co-occurrence using NPMI over PMI improved the
results.

It is a debatable issue that how many words are to be considered to represent a
topic. A topic must be semantically meaningful by considering top N words from the
topic model output. The work proposed in [59] about the influence of cardinality while
computing topic coherence for the topic model. The cardinality indicated the number
of top words picked for topic representation. The experiments must be carried out for
the varying number of top words. The results summarized that topic coherence must
be measured by averaging the coherence over different scenarios of the number of top
words.

Lau et al. used two corpuses, WIKI and New York Times, to examine the relation-
ship between topic cardinality and topic coherence. There were 300 topics inferred and
then picked up the methodology of directly observed topic coherence. The reason was
justified as word intrusion methodology became more difficult when N becomes large as
20. The observation was that coherence decreases when N increases, but larger N made
the topic more interpretable. The word intrusion methodology also worked. Similarly,
it output the decreasing coherence with increasing N. According to results reported,
NPMI method produces a lower correlation with WIKI dataset as these topics were
consists of predominated Wikipedia markup tags.

There are two ways to evaluate topic models; one is intrinsic and second is extrinsic.
The human judge is about assessing topics and topic models extrinsically. Topic models
are meant to help analyze the text collection to end users. The team of domain experts
would be assigned set of topics to scale them. As per the category, an individual
member can categorize the topic as ”Good”, ”Intermediate” or ”bad” topic.

These techniques were put into practice to test its efficacy [60]. There was a two-fold
discussion of the proposed work, automatic evaluation of single topic and automatic
evaluation of the topic model as a whole. The extrinsic evaluation of the topic model
was also focused. Three different methods applied to automate the assessment of topic
coherence.

One of the experiments was about human interpretability of the topics. A concept of
intruder word injection into the topic was introduced to achieve human interpretability
topic evaluation task. Moreover, instead of only single annotation, the examining work
was carried out eight times for better interpretability, which resulted in having each
topic with eight subtle representations. To turn this methodology into automated,
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Amazon Mechanical Turk was utilized. Again, for each topic, 6 to 14 annotations were
carried out, averaging 8.4 annotations for each topic. Each topic was represented by
Amazon Mechanical Turk to find out least representing a topic word. Experiments
have been carried out for two datasets with four different methods, OC-Auto-PMI,
OC-Auto-NPMI, OC-Auto-LCP, OC-Auto-DS. They have got revealed the fact that
methods worked as better as 90% with human annotation method called OC-Human.

In another setup for evaluating human interpretability at the topic level, total
900 topics/data points are considered. Unlike the model level, now experiment was
performed by dividing into two subgroups, 11.4 annotations on an average for each
topic. The results showed that it worked worse compare to model level annotations.
The coefficient remained 0.75, while it was 0.9 in the former case. By comparing both
the methods, Word Intrusion and Observed Coherence, they have noticed 0.6 as the
Pearson’s rank.

2.5.2 Topic Modeling with embedded linguistic knowledge

An innovative research direction is about knowledge or features integration of under-
lying domain. To address the intricacy of topic models, researchers approached the
incorporate characteristic of the language under study. It has also been attempted to
give weight to the terms for better orientation of topic models. Moreover, features such
as co-occurrences of words, synonyms of words are well thought-out for topic models.

Accentuating the utilization of the characteristics of words to increase the topic
coherence was introduced [61] for modeling topics. Instead of smoothing the parameter
based only on word distribution for the topic, the features of word similarity was
targeted. It is very common to have a dictionary of words with synonyms. The topics
can be derived more coherently if similar words have a tendency to be centric to a
common topic. Though the topics could be formed more consistently with the help of
similarity of words, Petterson et al. took care not to hard code the similarity of words.
Instead, only prior is used to make is less sensitive towards stemming.

The assessments were carried out for proposed method and standard LDA. There
were used three language pair datasets. Initial test was for smoothing prior to the
word in standard LDA and the proposed method. It was found out that proposed
methods worked efficiently even for language wherein dictionary was not used. Several
other improvements were recommended too. For a single language, lexical similarity,
distribution similarity, and synonyms could be integrated into the standards LDA.
Lexical similarity also was proposed for the multilingual setting.
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There was an essence of work introduced by weighting the terms of a bag of
words [62]. The work contrasted in the sense that terms would be carrying distinc-
tive weight age instead of equally weighted terms in all previous endeavor of the topic
modeling. Though stop word removal is an essential and much-needed step of prepro-
cessing for any monolingual or polylingual research task, Wilson did not follow this
strategy. The weight was assigned to the high-frequency words, which did not have
the presence on the list of stop words. The different weight was assigned to each token,
unlike considering each token equally important The experiments were carried out in
multilingual settings. Researchers experimented with two corpora in five different lan-
guages. It was observed experimentally that by incorporating weighting scheme in the
Gibbs sampling remarkable improved the performance of the model.

Likewise, The iterative technique to refine the set of words of a specific topic was
proposed in [63]. It modeled the topics numbers of times, and in each iteration, some
constraints were added based on the output of the previous run. It was proved that
added constraints grouped those words they must be. On-site human knowledge was
incorporated into the topic models. The word pairs were considered as constraints. It
was decided that both of the words must be either high probable or low probable for
a topic. It must not happen that one word of the pair is highly likely while other was
low probable on the same topic.

The topic should be composed of semantically relevant words ideally. There might
be the scenario that synonyms of words fall into another set rather than it should
appear. The work carried out in [64] accentuated on the use of a synonym for the
extraction of features of the products. Again, it was not independent but worked jointly
with LDA approach. It was stated that methods proposed in the previous works need
manual intervention for extraction of product features, as the features are product
dependent. Moreover, It was also observed that statistical methods outperformed the
symbolic techniques for feature extraction, as statistical methods fetched the frequently
co-occurring words into the same cluster.

2.5.3 Topic models for distributed environment

Researchers verified LDA in distributed or parallel environment for forming the set of
topics [65] [66] [67]. The key objective was to summarize the document collection in a
faster way. In other words, to curtail the time in the topic model inference.

The multi-document summarizer based on map-reduce architecture was demon-
strated in the work [16]. The experiments were carried out for four nodes based on
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the map-reduce background. It was found that map-reduce proved more scalability
and reduced time complexity as well. Time for summarization was proportional to
the number of nodes available for the computation. In addition, scalability inclined
to increase in proportion to the number of text documents with maximum numbers of
nodes and semantic similarity also improved.

An implementation of LDA in the distributed environment was carried out suc-
cessfully [68]. The application of LDA to distributed processors was practiced in the
straightforward way. The dataset was segregated across the CPUs and inference per-
formed in parallel and distributed mode. The native inference process was achieved
concurrently across the distributed set up, while topic count update has been made
globally. Hierarchical Bayesian extension for LDA was also introduced.

In addition to BTM, It was also proposed the online version of the same algo-
rithm [44]. In [68], distributed version of LDA was suggested. The composite version
of both of the techniques as mentioned earlier, Distributed online LDA (DoLDA),
was introduced in [69]. By the experiment, It was found that DoLDA twice faster
that online LDA. At the same time, perplexity remained almost stable. The LDA for
streaming data may run with vocabulary length infinitely [70].

2.6 Chapter summary

The literature about the topic modeling technique and LDA variations have been re-
viewed in this chapter. The various techniques have been revised for sophisticated topic
modeling, which covered applications of LDA for several datasets. The evaluation of
outcomes of the experiments across the variety of domains have been shown. The topic
modeling techniques anticipated for multiple languages have also been studied. The
multilingual topic modeling techniques principally offered the ways how mapping can
be done between topics inferred for two different dialects. It also discovered that how
linguistic knowledge can be incorporated for better finding of topics. Topic modeling
also recommended for short text, which does not exceed a specific limit regarding the
number of characters in a document. The technique was tested for the collection of the
short text of micro-blogging website, such as tweets on Twitter. The topic modeling
techniques for the distributed environment have been concentrated on the numerous
work, instead of implementing it on the single device for topic discovery. In the end,
evaluation techniques for topic modeling have been explored too. These evaluation
methods output how useful the topic models and individual topics of the topic model.
LDA promises very useful statistical inference of massive text collection. In the next
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chapter, the detail working of LDA generative process and statistical inference has been
described.
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CHAPTER - 3

Latent Dirichlet Allocation

In chapter 2, LDA for modeling topics for various domains and across the poly linguistic
environment has been reviewed. The majority of the extensions of LDA utilize the set
of the topic as first order output. Text analysis task such as document classification,
document summarization or dimensionality reduction and information retrieval [41] are
good ways to deal with the vast corpus. It would not feasible to explore the corpus
by human power only. The electronic archives with help of a machine is interacted.
Corpus is to be fed into the Machine learning algorithm and as a result, it generates
intended knowledge pattern. When it comes to information retrieval, then there would
be ample variety choices for selection of algorithm or technique. It focuses mainly
on two approaches for the searching or locating particular text from the extensive
collection of documents. The First and very well known approach is keyword searching.
This technique retrieves the document or information based on the keyword or set of
keywords input. An alternative technique is a theme based retrieval. The topic-based
approach gives additional benefit of hierarchical searching [1]. The method can be
applied here is the type of statistical inference method which works for inferring the
topical structure of the corpora [2]. The 3.1 shows the ten highest probable words for
each topic. They also can be assigned some meaningful labels such as ’Election’, ’Stock
Market’, Fitness’ and ’Science’ for Topic1, Topic2, Topic3 and Topic 4 respectively.

3.1 Topic Modeling Technique

The Topic Modeling techniques outcomes the set of topics. It mainly produces three
fold output on feeding a collection of documents, topics, set of words for each topic, and
the proportion of topics for each document. The top words in the list are considered
high probable for respective topic. Figure 3.1 depicts the brief about working of topic
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modeling1.

FIGURE 3.1: Topic Modeling Technique

3.1.1 Latent Semantic Indexing

Latent Semantic Indexing (LSI) has been considered the basic technique for thematic
discovery from the text archives [71]. Latent Semantic Indexing, also known as Latent
Semantic Analysis, is a technique for discovering the hidden set of themes of the docu-
ment set. Latent Semantic Analysis brings into play a deterministic topic model that
is genuinely appreciated by linguistic researchers in summarizing the text collection.
LSI transforms original dataset in different space so that document and terms about
the same concept can be mapped. Words and documents have many to many relation-
ships. So difficulties might be aroused when a word does have different meanings, and
this is exceptionally regular in the large text data. LSI accomplishes this by Singular
Value Decomposition (SVD). The second concept is represented by words that occur
together and words have only one meaning. The last simplification seems unrealistic
and imposes a limitation on LSI. It happens that resulting dimension becomes difficult
to interpretable.

1Figure of topic modeling has been rebuilt by referring the image available at
http://chdoig.github.io/pytexas2015-topic-modeling/images/topic-modeling-2.png

27



Latent Dirichlet Allocation

3.1.2 Probabilistic Latent Semantic Indexing

Despite the fact that Latent Semantic Indexing can find topics from the large set of
documents, it does not describe generating the document [72]. LSI maps the word with
a concept, while PLSI maps word with concepts with a specific probability. It builds
the model with more expressive way, by assigning each word to a topic sampled from
multinomial distribution over topics. As a result, a document would be a mixture of
multiple concepts or topics, unlike a unigram model where document represents exactly
one concept. It has been proved that LSI outperformed by pLSI [73]. Though pLSI
is proficient for generating documents, it does not fit into the fully generative model.
pLSA does not have the provision to explain documents which are not part of the given
collection [2].

FIGURE 3.2: Plate notation for Probabilistic Latent Semantic Analysis [72].

TABLE 3.1: Topics and Highest Probable words

Topic 1 Topic 2 Topic 3 Topic 4

Word Prob. Word Prob. Word Prob. Word Prob.

Electroal 0.073 NYSE 0.104 Gym 0.064 fire 0.081

Loss 0.071 Predict 0.082 Guideline 0.062 fundamental 0.079

Leader 0.069 Profatability 0.082 Diet 0.060 force 0.077

Congress 0.064 NASDEQ 0.073 Fitness 0.060 galaxy 0.077

Lobbyist 0.062 Negotiable 0.073 Grains 0.059 earth 0.077

Election 0.060 Profit 0.073 Growth 0.059 experimental 0.075

Legalization 0.057 Peak 0.068 Doctor 0.057 energy 0.069

Leadership 0.053 Portfolio 0.062 Yoga 0.055 explosion 0.063
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3.1.3 Latent Dirichlet Allocation - A Generative Process

LDA is a kind of mixture models as documents are considered mixture of topics [72]
[74] [2] [53]. They sometimes also known as admixture because its segments are itself
mixture of other segment [75]. Specifically in the topic models, documents are a mixture
of topics, and in turn, topics are a mixture of words. The LDA generative model allows
set of observations to be explained by a group of unobserved variables [5]. To generate
the new document, as explained by the generative procedure of LDA, it samples topic
from the distribution. The probability that a specific topic gets selected depends on
some prior belief of distribution over topics. Once the topic is sampled, a word is
sampled for that topic. A topic is a probability distribution over vocabulary words.
Hence, a number of times the word can appear in the document depends upon how
high probable that word in the given topic. This process is iterated as many times as
a number of words to have in the document. The generative process of LDA has been
depicted in Figure 3.32. It generates two document from two topics. The documents
have different proportion of topics, and topics have varying probability for words. The
proportion of all topics sums to 1 in the specific document.

There are a few assumptions to be made as mentioned.

1. A document is a bag of words. The order of words is not considered.

2. Each document is a mixture of topics. That is, for K topics, every topic takes
some proportion in the document.

3. Each topic is a mixture of words.

With these assumptions, documents can be generated stepwise as mentioned below.
The process is to be repeated for each document to be generated. In turn, The docu-
ment is the normal distribution of the number of words. The document consists of N
words. Figure 3.4 depicts the generative process for LDA using plate notations. Table
3.2 shows the complete summary of all the variables and hyperparameters discussed
earlier.

1. Sample the topic from the topic distribution

2. For the sampled topic in the above step, sample the word from the word distri-
bution for that topic.

3. Step 1 and Step 2 are to be repeated for all words and all topics.
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FIGURE 3.3: shows the Generative process of LDA. The topic proportion for document
1 is 70% and 30% for topic 1 and topic 2 respectively. Similarly, document 2 have topic
proportion as 20% and 80% for topic 1 and 2 respectively. For each topic, there
is a multinomial distribution over words, which indicates the probability of getting
sampled word for that specific topic. A document would be generated according to the
proportion of topic and in turn, the probability of words.

It seems reasonable to generate the documents from the given topic distribution for
the specific document and word distribution for the particular topic. But the scenario
is to be executed in the opposite direction. The set of documents have already been
available and got to infer the topic distribution and word distribution. The inference
algorithm describes how to put this scenario into practice. In the name itself, there are
terms which need to be interpreted merely. The ’Latent’ is a Greek word, which means
the ‘hidden’. It specifies the hidden structure (The topics) are to be divulged given
the data (The set of the document). The root of this theory can be understood by
making use of Bayesian Network. Bayesian network is a type of a probabilistic model
which derives the probabilistic relationship between random variables involved in the
process [1] [76]. The Bayesian network can be depicted by the acyclic graph whose
node represents the random variables and edges represents the dependencies between
the variables. Algorithm 1 shown below describes the document generative process
using LDA.

2Figure 3.3 has been rebuilt from Figure 2 in [53]
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FIGURE 3.4: Plate Notation for LDA Generative Algorithm [2]

Algorithm 1 Generative Algorithm for LDA
Input: Dataset, K topics, Hyperparameter α and β
Output: Topic files, Topic Word distribution, Document Topic distribution
for All topics k ∈ [1, K] do

// sample the probability distribution over words for each topic
sample mixture components ϕ⃗k ∼ Dir(β⃗);

end
for all documents m ∈ [1,M ] do

// proportion of topics for each document
sample mixture proportion θ⃗m ∼ Dir(α⃗);

// Length of documents in the corpus is normally distributed
sample document length Nm ∼ Poisson(ξ);
for all words n ∈ [1, Nm] in document m do

// assign the topic to each word
sample topic index Zm,n ∼Mult(θ⃗m);

// identify the word identity from probability distribution over words
sample term for words Wm,n ∼Mult( ⃗ϕZm,n);

end
end

Let’s postulate that there are D documents in the corpus and there exist N words for
each document. There are V distinct words in the vocabulary. There are K topics to be
inferred. The Bayesian network can be built for LDA generative model based on these
preassumed variables. Now as mentioned before, each document has the distribution
over topics. This distribution indicates the proportion of each topic for that document.
θ is a distribution over the topic. Consequently, there would be D θs. As there are K
topics, each θ is K-dimensional vector where each dimension represents the probability
of a topic in the particular document. Homogeneously, ϕ is a distribution over words
for a topic. So there will be K ϕs, and each ϕ is V-dimensional vector where each
dimension exhibits the probability of a word occurring in the certain topic. Once θ

and ϕ are sampled, each word of a document is allotted a topic, and there would add
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TABLE 3.2: The LDA generative process - Hyperparameters and Variables Summary

Variable Description

α Hyper parameter - Dirichlet Prior for topic distribution in documents

β Hyper parameter - Dirichlet Prior for word distribution in topics

D The corpus - There are D number of documents

V The Vocabulary - There are V number of distinct words

N There are total N number of words in the corpus

θ
Estimation parameter - A K dimensional vector each dimension corresponds

to the probability of the topic in that specific document

ϕ
Estimation parameter - A V dimensional vector each dimension corresponds

to the probability of the word in that specific topic

w Words of a document

W A Vector of all words

z Topic assignment in a document

Z A vector of topic assignment to each word of W

up to D∗N assignment. Finally, the only observed variable in this model is, the actual
words – w, again it would be D ∗N in number.

For the corpus which is to be analyzed, there will be (K + D + 2(DxN)) a total
number of nodes in the Bayesian network. It results in the clumsy Bayesian network and
makes it very difficult to interpret. Plate notation is the conventional way to address
this issue. Plate notation handles this by depicting a plate or rectangle surrounding
the variable instead of drawing each reiterated it individually. A plate is used to group
the variable in the subgraph that gets iterated together, and a number is attached to
the plate to denote the number of iterations.

The parameters should be comprehended those appear in the plate notations shown
in Figure 3.4. The nodes represent observed and unobserved variables. The edges
represent the direction of the flow of influence. The Document topic distribution plate
clarifies that it would be iterated D times. The topic assignment plate would be
iterated N times for each D. As communicated earlier, each word of each document
will be assigned a topic. Indisputably, there would be N ∗ D cycles for the topic
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assignment plate. The variables outside the plate, α and β in this scenario, are the
constant with respect to the particular plate. What’s more, one must notice that
observed variables have been shown in a shaded circle and latent variables have been
shown in the unshaded circle. In this way, with the except the real words of the
documents, every single other variable are hidden variables. Z, θ and ϕ are variables
of interest, and to be estimated. One can state straight away that θ (topic proportion
for the document) and ϕ (word proportion for the topic ) can be computed once Z
(topic assignment for each word each document) becomes available. A detailed step by
step execution of LDA inference has been explained. The development of the complete
probabilistic model can be accomplished by assembling each of these parameters, as
explained beautifully in the blog imaginea3 with the detail of every intermediate step.
The above can be composed as

P (W,Z, θ, ϕ;α, β) =
K∏
i=1

P (ϕi; β)
D∏

d=1

P (θd;α)
N∏

n=1

P (Zd,n | θd)P (Wd,n | ϕZd,n
) (3.1)

Equation (3.1) can be interpreted as mentioned below. First, the left-hand side com-
posed of three types of the variables as enlisted beneath.

1. Observed variable, W

2. Unobserved variables, θ and ϕ

3. Hyper parameters, α and β

The right-hand side is representing the distributions of them. Moreover, the right-
hand side is not a single probability distribution, but a product of several probability
distributions. To get it streamlined, chain rule has been applied according to the plate
notation portrayed in 3.4. If the right-hand side is considered the product of three
segments then,

1. The first segment is product of all K word distributions (one per topic)

2. The second segment is the product of all M topic distributions (one per document)

3. Third segment product of two parts in turn. All the topic assignments Z’s (per
word in a document) given the topic distribution for that topic, and all the word
identities W’s given the topic assignment Z for the word.

3https://blog.imaginea.com/lda-nlp-and-code-analysis/
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Let us put the whole in the more simplified matter. As α and β are hyperparameters
of the model, they will not be inferred here. The whole focus is on Z and both θ and ϕ.
The primary objective is to deduct the probability distribution which is concentrated on
Z, the topic assignment. By marginalizing the θ and ϕ, the full probability distribution
in terms of Z and W only can be derived. As a result, (3.1) can be rewritten as shown
under.

P (Z,W ;α, β) =

∫
θ

∫
ϕ

P (W,Z, θ, ϕ;α, β) dθ dϕ

By integrating the θ and ϕ separately

=

∫
ϕ

K∏
i=1

P (ϕi; β)
D∏

d=1

N∏
n=1

P (Wd,n | ϕZd,n
) dϕ

∫
θ

D∏
d=1

P (θd;α)
N∏

n=1

P (Zd,n | θd) dθ

(3.2)

The Bayesian network shown in the plate diagram has been followed for rearranging
(3.2). It is clearly notable from 3.4 that there is no link between θ and ϕ. As a result, it
can be stated that there is no dependency between θ and ϕ. So they are conditionally
independent. Alternatively, the topic distribution of the documents is independent of
word distribution in the topics. Now θ is treated first. So second half of (3.2) can be
rewritten as

∫
θ

D∏
d=1

P (θd;α)
N∏

n=1

P (Zd,n | θd) dθ =
D∏

d=1

∫
θd

P (θd;α)
N∏

n=1

P (Zd,n | θd) dθd (3.3)

Equation (3.3) shows the total probability of all topic assignment for the given θ. It
is also notable that there is no dependency between two documents. The same also
has been reflected in the plate notation of generative process LDA. This value can be
calculated for each individual document. Once all the values are calculated, all of them
can be multiplied and the right-hand side can be achieved. In order to do that, right
hand side can be integrated as shown in (3.4).

∫
θd

P (θd;α)
N∏

n=1

P (Zd,n | θd) dθd (3.4)
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Dirichlet Distribution

Dirichlet distribution is the family of continuous multivariate probability distribution
parameterized by vector α of positive reals. It is a multi-dimensional generalization of
the beta distribution. Likewise, the dirichlet distribution is the conjugate prior to the
multinomial distribution. It implies that if the prior distribution of the multinomial
parameter is dirichlet, then posterior distribution is also dirichlet but with different
values of the parameters those of the prior distribution. This makes two things simple,
to calculate the posterior distribution and to quantify to what extents our prior beliefe
has changed after observing the actual samples. In practice, Dirichlet distribution takes
single parameter α to express the probability of the topic in the document. Moreover, α
is a multi-dimensional vector. It is a K-dimensional vector in LDA generative process
specifically. In other words, the domain of the dirichlet distribution is itself set of
a probability distribution, specifically set of K-dimensional multinomial distribution.
The same can be understood as K-way multinomial event.

Probability Density Function

Dirichlet distribution for the Kth order (K ≥ 2) with α⃗ = [α1, α2, · · ·, αk] has the
probability density function.

f(x1, · · ·, xk;α1, · · ·, αk) =
1

B(α)

K∏
i=1

xαi−1
i

x1, · · ·, xk > 0

x1 + · · ·+ xk = 1

(3.5)

Here, the beta multivariate function is normalizing constant, which can be further
represented in terms of the gamma function:

B(α) =

∏K
i=i Γ(αi)

Γ(
∑K

i=1 αi)
, α = (α1, · · ·, αk) (3.6)

Before (3.6) further gets simplified, the term P (θd;α) ought to get elucidated. θd is
the dirichlet distribution for the document d. θd is a vector, and each dimension corre-
sponds to the probability of the topic. That is, θdi represents the probability of a word
i in document d. If K indicates the number of topics, then each θ is K-dimensional. As
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P (θd;α) is a probability distribution over θd , it fulfills the properties of the distribution
function as shown below.

∑K
i=1 θdi = 1 for a valid probability distribution

θdi ∈ (0, 1)

P (θd;α) should be capable to express the prior distribution of θdi . The prior dis-
tribution considers every topic in the document having equal probability. There is
no knowledge about the set of documents under study; It is priory believed that all
topics are distributed in all documents uniformly. This can be understood easily by an
illustration. For example, it is believed that there are 10 topics distributed across the
collection of the documents. There is no knowledge about the influence of the topics
on documents in the corpus. It would be more achievable and pragmatic approach to
assigning the equal probability for every topic in a document. This way, the same is
applicable for each document in the collection. For this scenario, the θdi will be [0.10
0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10]. So the probability distribution function
should incorporate for posterior distribution normally.

The dirichlet distribution plays the crucial role in LDA generative model. In fact,
the topic inference process would make use of the dirichlet hyperparameters. α and β

are the hyperparameters for the generative process of LDA. They are also known as
concentration parameters. The concentration of θd depends on

∑
i αi the summation

of α vector. Higher the summation, better the concentration around mean of θ. That
is, it would get attracted more towards the prior distribution. This is the reason being
for the hyperparameters as concentration parameters too. This scenario seems ideal,
but it is not necessary having worked always. There might be the case for having
θ something else rather than distributed around the mean or prior belief. As θ is a
random variable, the likelihood of θ being away from the mean depends on the variance
in dirichlet distribution. As variance increase, θ would be drifted from its mean of the
distribution in order to widen the gap between prior and posterior distribution. Now
replace P (θd;α) in (3.3) with probability density function for dirichlet distribution.

∫
θd

P (θd;α)
N∏

n=1

P (Zd,n | θd) dθd =
∫
θd

Γ(
∑K

i=1 αi)∏K
i=1 Γ(αi)

K∏
i=1

θαi−1
d,i

N∏
n=1

P (Zd,n | θd)dθd (3.7)

where Γ is the Gamma function which satisfies Γ(n) = n(n− 1)!

The next is to work with the second fragment of (3.2). It conveys the probability of
topic assignment for all words in a document given that θd known prior. Let us under-
stand this with an illustration. Assume that there are 25 words in a given document
and 4 topics are to be inferred. The θ vector for the given document is [ 0.2 0.2 0.3
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0.3]. The probability of the evant that any 5 tokens are assigned to topic 1, 6 tokens
to topic 2, tokens to topics 3 and 9 tokens to topic 4 is (0.2)4 ∗ (0.2)6 ∗ (0.3)5 ∗ (0.3)9.
This can be written mathematically as

N∏
n=1

P (Zd,n | θd) =
K∏
i=1

θ
ni
d,(·)

d,i (3.8)

Where ni
d,r express the number of words in document d assigned to the topic i and

considering the identity r from the vocabulary. So the ni
d,(·) indicates the number of

words in document d assigned to topic i, identity is not taken into the consideration.
By combining everything mentioned above,

∫
θd

Γ(
∑K

i=1 αi)∏K
i=1 Γ(αi)

K∏
i=1

θαi−1
d,i

N∏
n=1

P (Zd,n | θd)dθd =
∫
θd

Γ(
∑K

i=1 αi)∏K
i=1 Γ(αi)

K∏
i=1

θ
ni
d,(·)+αi−1

d,i dθd (3.9)

It can be observed from (3.9) that the αi for each topic is increasing with every word
count θ

ni
d,(·)

d,i for every topic. The prior assignment has been done automatically for each
document. Then probability gets modified once actual words are observed, which is
θ
ni
d,(·)

d,i . The first half of (3.2) can be treated likewise. Now as per one of the important
characteristics of the dirichlet distribution is it sums up to 1 of topic probabilities
a document. This can be communicated in mathematical shape as demonstrated in
(3.10).

∫
θd

Γ(
∑K

i=1 n
i
d,(·) + αi)∏K

i=1 Γ(n
i
d,(·) + αi)

K∏
i=1

θ
ni
d,(·)+αi−1

d,i dθd = 1 (3.10)

In Equation (3.10), The αi can be replaced by ni
d,(·) + αi as it is a valid probability

distribution function and remains dirichlet only. By bringing everything onto common
platform

∫
θd

P (θd;α)
N∏

n=1

P (Zd,n | θd) dθd =
∫
θd

Γ(
∑K

i=1 αi)∏K
i=1 Γ(αi)

K∏
i=1

θ
ni
d,(·)+αi−1

d,i dθd (3.11)

=
Γ(
∑K

i=1 αi)∏K
i=1 Γ(αi)

∏K
i=1 Γ(n

i
j,(·) + αi)

Γ(
∑K

i=1 n
i
j,(·) + αi)

∫
θd

∏K
i=1 Γ(n

i
j,(·) + αi)

Γ(
∑K

i=1 n
i
j,(·) + αi)

K∏
i=1

θ
ni
d,(·)+αi−1

d,i dθd (3.12)
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=
Γ(
∑K

i=1 αi)∏K
i=1 Γ(αi)

∏K
i=1 Γ(n

i
d,(·) + αi)

Γ(
∑K

i=1 n
i
d,(·) + αi)

(3.13)

In order to integrate out ϕ in (3.2), the similar method can be adhered to. The dirichlet
distribution of words in a topic represented by β. In place of K-dimensional θ vector
for expressing topic distribution in a document, β vector represents a V-dimensional
vector. Each dimension in vector β conveys the probability of words on that topic
and there would be K such β vector. On this basis and the complete integration of θ,
integration of ϕ can be composed mathematically straight away as shown below.

∫
ϕ

K∏
i=1

P (ϕi; β)
D∏

d=1

N∏
n=1

P (Wd,n | ϕZd,n
) dϕ =

K∏
i=1

Γ(
∑V

r=1 βr)∏V
r=1 Γ(βr)

∏V
r=1 Γ(n

i
(·),r + βr)∏V

r=1 Γ(
∑V

r=1 n
i
(·),r + βr)

(3.14)

By replacing both, (3.13) and (3.14) in (3.2) from where the whole process started
from, the complete probability distribution in terms of Z and W can be achieved as
demonstrated beneath.

P (Z,W ;α, β) =
D∏

d=1

Γ(
∑K

i=1 αi)∏K
i=1 Γ(αi)

∏K
i=1 Γ(n

i
d,(·) + αi)

Γ(
∑K

i=1 n
i
d,(·) + αi)

×
K∏
i=1

Γ(
∑V

r=1 βr)∏V
r=1 Γ(βr)

∏V
r=1 Γ(n

i
(·),r + βr)∏V

r=1 Γ(
∑V

r=1 n
i
(·),r + βr)

(3.15)

By applying the Bayesian rule, Z can be inferred as shown below.

P (Z | W ;α, β) =
P (Z;α, β)P (W | Z;α, β)∫

z
P (Z,W ;α, β)

(3.16)

The denominator in (3.16) is the summation over the topic assignment, Z, for each
word of each document in the collection. This is independent of any particular Z.
Hence, (3.16) can be put alternatively,

P (Z | W ;α, β) ∝ P (Z;α, β)P (W | Z;α, β) (3.17)
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3.2 Topic Inference

The hyperparameters α and β, the estimation parameters θ and ϕ, the observed pa-
rameter W and the topic assignment parameter Z works jointly to assign the topic to
a word. Moreover, it iterates over it hundreds of times and convergence to the stable
state of topic assignment [5] [53]. The probabilistic inference has drawn the attention of
researchers in spreading branches of machine learning domain. However, high dimen-
sional space causes the complex probability distribution. As a result, the inference also
turns out to take the statistical inference process to that level of complexity. Though
it introduces the complexity due to the high dimensionality, it offers the springiness
when it comes to the combination of observed and unobserved random variables [77].

3.2.1 Markov Chain Monte Carlo

Markov Chain Monte Carlo (MCMC) techniques can be practiced to infer the poste-
rior distribution from the given the prior distribution of latent variable and observed
variables. Markov Chain is a type of probabilistic process which describes the series
of events given each event is dependent on the very previous state. In other terms,
future states are independent of the past states given present states [77]. There are
mainly two segments which compose the Markov chain. The states and transition, the
transition is a predefined set of logic which takes from one state to another. The state
is mainly a specific step of the chain. Monte Carlo is a kind of simulation technique
refers to the probability distribution. In the long run, MCMC suites of algorithms give
the joint probability distribution one would love to simulate from [78]. Additionally,
from the conditional distribution of variables, it derives joint probability distribution
of all variables which have no influence of sampling done over the iterations [79] [80].
Mathematically, A Markov Chain can be defined as stochastic transition model T (X →
X

′
) over the states X:

for all X:
∑

x′ T (x→ x
′
) = 1 For instance, there are five states A, B, C, D and E in the

chain. The probability of transition from one state to another has been shown above
the respective arrow symbol. Note that all transitions from a given states sums to 1.
The complete MCMC flow has been depicted in Figure 3.54

4Figure is rebuilt from http://images.math.cnrs.fr/IMG/png/tir_arc.png
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FIGURE 3.5: Markov Chain Monte Carlo - An Example

Gibbs sampling

The generative LDA technique narrates the process of how documents might have
been generated from the given distribution over the topics for the specific document
and distribution over the words for the particular topic [2]. The scenario is precisely
reverse when it comes to estimating the topic distribution for the document and word
distribution for the topic given a set of documents. It follows the inference procedure
to find out the parameters values, θ and ϕ, for the provided D documents.

In the statistical inference science, Gibbs sampling is the method to achieve a chain
of observations which are approximated by a specified multivariate distribution. Gibbs
sampling is useful when joint distribution is not known or difficult to sample directly,
but the conditional distribution is known and easy to sample from [81] [53]. The se-
quence of observation can be used to approximate marginal distribution of a random
variable or group of random variables. Gibbs sampling is associated with the Bayes
theorem. It is a randomized method and being used as an alternate of deterministic
approach such as the Expectation-Maximization algorithm. It can be considered as
a general architecture for sampling from a large group of random variables. Gibbs
sampling fits very nicely in the Bayesian network when the posterior distribution is
to be inferred from the prior distribution and observed random variables. The reason
being is that the Bayesian network is about the conditional distribution of random
variables [82]. In connection with Latent Dirichlet Allocation, there is a conditional
dependency between hyperparameters α and latent variable θ. Likewise, ϕ is condi-
tionally dependent on the β. The dependence among the variables had been depicted
it the LDA plate notation figure 3.4.
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3.2.2 Gibbs sampling algorithm

The Gibbs sampling is appropriate when joint probability distribution of more than
one variables is to be made known [83]. Hence for X = (X1, . . . , Xk) where k >= 2.
The Gibbs sampling technique makes a stochastic march through such that it picks the
new value for each variable conditioned on the value of the other variables. Algorithm
2 depicts how exactly the conditional probability is derived for each variable step by
step [83].

Algorithm 2 Gibbs sampling [83]
Input: Random variables set
Output: Joint probability distribution of random variable set
X0 := (x0

1, x
0
2, . . . , x

0
k); // Initialization

/* Recalculates probability of each variable given the probability values of all other
variables */

for j = 1 to J do
for i = 1 to k do

x
(j+1)
i ∼ P (Xi | x(j+1)

i , . . . , x
(j+1)
i−1 , x

(j+1)
i+1 , . . . , x

(j)
k );

end
end

3.2.3 Implementation of Gibbs sampling

The fundamental thought of the Gibbs sampling is to sample from the probability
distribution of more than one random variables. Moreover, variables are dependent on
some other variables of that Bayesian network. If we were having set of independent
variable, the task could have become quite easier. One can sample the value of variable
x from given P(x). Similarly, other variables involved in the process could be sampled,
and then the product of univariate distribution of each variable can be considered
as a joint distribution of all variables. But when variables are not independent, this
approach will not work. For such scenario wherein variables are dependent either one
or more than one variable, Gibbs sampling does a trick [84].

Gibbs Sampling method is proficient in estimating joint distribution given that
sampling is easy for provided conditional distribution. Let’s take an example of getting
in depth. Assumes there are n variables, from X1 to Xn. The conditional distribution
of any variable Xi is P (Xi | X1, . . . , Xi−1, Xi+1, . . . , Xn).
This sampling process is repeated for each Xi for 1 ≤ i ≤ n for a large number of
times. In the end, it gives the series of samples of Xi such as,
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(X1, . . . , Xk)0, (X1, . . . , Xk)1, (X1, . . . , Xk)2, . . . , (X1, . . . , Xk)n To get the next sample
of variable Xi, the variable conditioned on all other variables is sampled, making the
use of new value and update the value as soon as it gets sampled. Note that the value
is used that Xi+1 component had in the jth iteration, not in the j + 1th iteration. The
smartness of this theory is when it iterates over and over for each variable involved;
it ends up with something which is very close as if it was taken from actual joint
distribution. Several points are to be followed as mentioned while performing Gibbs
sampling.

1. The initial value of the variables can be initialized randomly or by using some
technique such as Expectation-Maximization.

2. The samples in the sequence are correlated with neighboring samples. So one
must consider samples which are at a distance from each other. For example, k=
100, k =200, … k = 2000 samples are to be taken into consideration for the joint
probability distribution.

3. Initial samples are to be thrown away as they do not represent the proper joint
distribution. The process of ignoring some initial samples is called burn-in period.
For example, start with k = 500.

Inference process

The iterative process of the Gibbs sampling results in the final state of each parameter.
The most likely value is assigned to each parameter in each iteration. This would
lead to a posterior distribution of the parameter to as close as possible to the prior
distribution of the parameters in case of the probabilistic model such as topic model.
It also maximizes the likelihood of having posterior distribution as close as possible to
the prior distribution, same as the technique such as Expectation-Maximization [75].
Figure 3.6 shows the inference of two topics from three document set5.

Collapsed Gibbs sampling

It is not uncommon to have many variables in the Bayesian model. As a result, a vari-
able might be dependent on more than one variables. The sampling process becomes
lengthy when the value of a variable is to be sampled. A collapsed Gibbs sampler sums
the whole combination of the remaining variables. It marginalizes out one or more

5Figure 3.6 has been rebuilt from Figure 2 in [53]
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FIGURE 3.6: Topic inference from given set of documents

variables for a sampling of some other variables. For example, assume that there are
three variables X, Y and Z in a model. Gibbs sampling would sample first (X | Y, Z),
then (Y | Z,X) and (Z | X,Y ). A collapsed Gibbs sampler approaches this issue two
ways. First, it can integrate out the Z and sample the value from (X | Y ). On the
other hand, It collapses the variable Z completely and takes the sample from (X | Y )

and (Y | X). This process is also known as compound distribution [85].

Statistical Inference in LDA using collapsed Gibbs sampler

Having set a solid foundation of Gibbs sampler, now let’s focus how Latent dirichlet al-
location method model the topic with the help of collapsed Gibbs sampling technique.
A collapsed Gibbs sampling has been a target for the inference process of the topic
because it gets to examine the uncertainty in the smaller space. One more technical
reason behind why collapsed Gibbs sampler targeted is, it does not need to sample
another parameter such as corpus-wide topic vocabulary distribution and topic pro-
portion for the specific document. It has just got to sample the topic indicator for a
word in a document [53] [83].

Latent dirichlet allocation is the hierarchical Bayesian model with categorical vari-
ables and latent variables or hyperparameters. The hyperparameters are used as a prior
distribution over the categorical variables. To reduce the space of uncertainty, prior
hyperparameters are collapsed out. As a result, it introduces the dependencies among
those categorical variables which are dependent on those prior hyperparameters. The
joint distribution of these variables is said to be dirichlet multinomial distribution. It is
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worth to take note here is that dirichlet distribution is conjugate prior to the multino-
mial distribution as they are from the same exponential family [reference]. Due to the
presence of collapsed Gibbs sampler, the conditional distribution of a given variable
takes the elementary form of Gibbs sampling.
Again, There are some guidelines to be observed to apply collapsed Gibbs sampling to
a hierarchical Bayesian model.

1. Only child node must get affected due to collapsing out the prior. The parent
node is not affected as it is constant normally.

2. collapsing out prior would consequence in dependencies among all categorical chil-
dren variables dependent on that prior. It must not introduces extra dependency
among any other children variables. In the case of Latent dirichlet allocation, θ
and ϕ are the direct children variables of α and β prior. Collapsing out the prior
α will not affect the children of β.

3. LDA generative process has topic proportion for the given specific document and
the words probability for the given specific topic. This is the categorical variable
node and dependent children relationship for both the distribution. The expected
count of the topic(word) plus prior α(β) must be multiplied by actual conditional
probability.

3.2.4 An Example

The complete statistical inference process has been explained by a working example.
The example has been traced only for three documents, it helps understand how the
parameter calculation and matrix representation take place thorough out the process.
For the sake of keeping it simple, Corpus has been considered as collection of only three
documents. They comprises of 5, 4 and 6 words respectively. There are 15 words . its
also assumed that all three documents are the mixture of two topics.

Document 1 = {Money, Bank, Loan, Bank, Money}
Document 2 = {Bank, Money, Bank, Stream}
Document 3 = {River, Bank, Stream, River, Bank, Stream}

The inference process commences by assigning topics to the words of dataset. The
random assignment process iterates over document by documents in the corpus, and
word by word in the document. Each token are superscripted and value shows the
topic assigned to that particular token.
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Document 0 = {Money0,Bank0,Loan1,Bank0,Money1}
Document 1 = {Bank1,Money0,Bank0, Stream0}
Document 2 = {River0,Bank1, Stream1,River0,Bank1, Stream1}

The vocabulary for this corpus is {Money, Bank, Loan, River, Stream} The ϕ ma-
trix shows the word distribution for each word of vocabulary. The raw represents the
topic index and column represents the word index from vocabulary.

ϕ =

2
8

3
8

0
8

1
8

2
8

1
7

3
7

1
7

2
7

0
7

 (3.18)

And the θ matrix shows the topic distribution for each document. The raw represents
the document index and column represents the topic index.

θ =


3
5

2
5

3
4

1
4

2
6

4
6

 (3.19)

The vector Z shows the topic assignment. There are two topics to be infered, so K =2.
These topics are denoted by ‘Topic 0’ and ‘Topic 1’. If K is set to the larger value, then
those could have been donated by Topic 0, Topic . . . Topic K-1.

Z =

[
0 0 1 0 1 1 0 0 0 0 1 1 0 1 1

]
(3.20)

The vector W represents the word index in vocabulary. The vocabulary is V = 1 . . . 5.
By mapping the vector Z and W, it can be said that the first word in vector W is
‘Money’ and it has been assigned ”Topic 0”, and so on. Once initial assignment is
made, the process is iterated for many number of times. It samples new topic for each
word iteratively. Besides, it calculates new θ and ϕ for each document. At the end, it
converges to the stable assignment.

W =

[
1 2 3 2 1 2 1 2 4 5 2 4 5 2 4

]
(3.21)

Now for each word, it calculates the weight of the topic. It considers all topics for the
given document and all words for the given topic as given in (3.15). In other words, it
checks for all topics, and best topic would be reassigned. Final topic assignment can
form meaningful cluster of semantically relevant words. The process is iterated several
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number of times. At the end it converges to the stable topic assignment. As a result,
the word ’Money’ has been assigned new topic ’1’ finally.

Document 0 = {Money1,Bank0,Loan1,Bank0,Money1}
Document 1 = {Bank1,Money0,Bank0, Stream0}
Document 2 = {River0,Bank1, Stream1,River0,Bank1, Stream1}

In above example, ’Topic 0’ indicates the cluster of words representing a financial
bank sector, while ’Topic 1’ represents about the river. Similarly, if the massive data
set is under experiment and number of topic to be derived is also large, it could have
generated topics and words of topics accordingly. The detail computation of topic
inference has been demonstrated in appendix-A.
Topic 0 = {Bank, Loan, Money }
Topic 1 = {Riven, Bank, Stream}

3.3 Chapter summary

In this chapter, the generative story of LDA has been explained with the example. The
chapter has been initiated with figure depicting topic modeling technique working in
brief. The statistical inference technique has been demonstrated in detail by considering
conditional probability of observed variables and hidden variables. The Markov Chain
Monte Carlo technique has been described with figure, which has been applied for
inferring posterior distribution given the prior distribution of the variables. Gibbs
sampling technique is employed for posterior inference, one of the methods of MCMC
category. In the end, the whole procedure explained through example. It also has
been attempted to trace the intermediate values of the variables. It would be the
challenging and inspiring task when text analysis or text summarization is to be done
for some regional language. The inference techniques have been applied to bilingual
and multilingual settings. In the same line, the statistical inference has been employed
for Gujarati text.
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CHAPTER - 4

Gujarati Text Topic Coherence
Optimization

In the previous chapter, it profoundly has been explained how LDA discovers topics
from an enormous collection of documents. LDA has been applied to many foreign
languages including English. It also has worked with multiple languages for the topic
inference. However, topic modeling has not been used to Gujarati text yet. In this
chapter, topics have been modeled for Gujarati text. Characteristically, LDA infers
several topics which consist of irrelevant words. Due to that, the interpretability of
an individual topic and the topic model decreases. The method has been proposed for
replacing irrelevant words with more relevant words. The proposed method increases
the interpretability of the topic model. Moreover, It is essential to have language
specific preprocessing tasks when topics are to be modeled for the respective languages.
The preprocessing steps for Gujarati text have been introduced. The preprocessing also
helps rises the interpretability of the model.

4.1 An Introduction: The Gujarati Language

Gujarati is the official language spoken in the State of Gujarat, A state in western
India. It is also an official language in the union territories of Daman and Diu and
Dadra and Nagar Haveli. Gujarati is a member of Indo-Aryan branch of the Indo-
European language family. According to the Central Intelligence Agency (CIA), 4.5 %
of the Indian population (1.21 billion according to the 2011 census) speaks Gujarati,
which amounts to 54.6 million speakers in India Wikipedia page1. There are about
65.5 million speakers of the Gujarati worldwide, making it the 26th-most-spoken native
language in the world. Gujarati was the first language of Mahatma Gandhi, The father

1https://en.wikipedia.org/wiki/Gujarati_language
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of The Nation India. The Gujarati is one of the 22 official languages and 14 regional
languages of India, and one of the minority languages of neighboring Pakistan. It is
the medium of everyday communication in the Indian state of Gujarat. It is used
in education, government, business and the media. The language is widely spoken
in expatriate Gujarati communities in the UK and the U.S. These communities have
Gujarati newspapers, magazines, and radio and television programs2. The information
in Gujarati is accessible to people through the newspaper, Magazines, and websites.
Across India, there is more than 21 newspaper published on a daily basis, including
Gujarat Samachar, Sandesh, Divya Bhaskar and NavGujarat Samay as a significant
component of newspaper circulations3. With a physical copy, epaper is also being made
available. There are more than 50 magazines serve the information and knowledge to
the broader community of Gujarati Language. It spans across many areas like politics,
agriculture, science, sports, entertainment, spirituality, kids special, women special and
what not4. These magazines are published weekly, bi-weekly or monthly by various
publishers. Table 4.1 shows the detail of daily published Gujarati Newspaper data.

TABLE 4.1: Gujarati Newspaper Readers

Newspaper Average Issue Readership (in Lac) Territory covered

Gujarat Samachar 44.49 Gujarat State

Divya Bhaskar 34.35 Gujarat State

Sandesh 32.32 Gujarat State

Gujarat Mitra 1.70 Surat District

Katch Mitra 1.21 Kutch District

Despite such a large number of speakers and users of Gujarati language, research
work in machine learning and information retrieval did not target Gujarati text re-
markably. Information retrieval majorly focuses English text domains. There might
be two approaches to shift our research task for the Gujarati language. First, English
is kept as a pivot language while using parallel corpora in multi-language text analy-
sis. The second, to process original Gujarati language text and applying information
retrieval techniques to analyze in the mono-language context [38]. The first approach
allows us to find what extent the corpora are similar to each other. It also helps find
the equability across the text or domain, such as how topics are spanned across the
news articles published in Gujarati and English during the similar course of time. The

2http://aboutworldlanguages.com/gujarati
3http://www.w3newspapers.com/india/gujarati
4http://www.magzter.com/magazines/language/Gujarati
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second approach can be applied to analyze the text corpora semantically. In this work,
topics are modeled for Gujarati text.

4.2 Proposed Method and Architecture

The architecture and detail workflow have been depicted in Figure 4.1. The prepro-
cessor is an important component of any text analysis job, as it turns out to be most
crucial and challenging part when it comes to analyzing the text of language other than
of the English. Right from the corpus extraction to input the corpus into algorithm,
it takes few steps to shape it algorithm compatible. First of all, the extracted dataset
finds enormous noise inherently. As the topic clustering only concerns the text, all
images are to be removed from the extracted document.

FIGURE 4.1: Proposed architecture has been depicted in this figure with the compo-
nents and their interaction among them.

The workflow depicts the detail and stepwise working of the method. A collection
of newspapers articles are given as input. The whole collection would be preprocessed
first. The words which occur very frequently are categorized as stop words. The list of
stop words differs from language to language. Stop words does not contribute to the
information retrieval [86]. Besides, it also has been found out that majority of contents
are in the Gujarati language in the newspaper, though there could be the Hindi and
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the English Text. The reason being is Gujarat is geographically surrounded by the
Hindi speaking people’s state such as Maharashtra and Madhya Pradesh. Therefore,
the text except Gujarati has also been got rid off. The next step is about removing the
single-letter word. Though single-letter words are not considered as stop words, they do
not contribute to information summarization. In contrast, single-letter word removal
results in better interpretablility of the topic. The experiment has been performed for
semantic coherence measurement in detail with the presence and absence of the single-
letter words. On the same line, digits are removed before input the text collection in
model. In addition of Gujarati digits, English digits are also to be removed as they
will be present in the text. The terms which occurs very less frequently have also been
eliminated. In [35], very infrequently and too frequently occurred with respect to the
document frequency.

FIGURE 4.2: shows the stages of preprocessing. The preprocessing components take
five stages one after another.

One of the techniques of statistical inference discovers topics from a substantial
collection of documents. The whole inference process operates on corpus document
by document, and word by word for each document. Each topic contains words from
multiple documents. The inference method chooses most likely set of topics for the
specific document and most likely set of words in the particular topic. It places high
semantically relevant words top in the order in a topic as per the probability score
for those words. All words in a topic should be semantically relevant for better inter-
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pretability of that topic. But a few words in a topic might not be related semantically
with other words of that topic. These words are generally found down in the order of
the list in the topic. The topic inference process is carried out by Gujarati Text LDA
(GT_LDA) component. Table 4.2 depicts topics inferred for Gujarati text. It shows
top words of topics.

TABLE 4.2: Topics inferred for the Gujarati text

Topic_1 Topic_2 Topic_3 Topic_4 Topic_5 Topic_6 Topic_7 Topic_8

ફવૠમ ઞૂએસટી સદી ડોલર રાિશમાં નેટવક માનવ-સિજત સરકાર

ફવૠમો દેશમાં બળૠથમ બઞીરમાં મીન ઉપયોગ નકારાદૠમક માઈનોરીટી

ડાયરેગૠટર દર િવકેટે િવસૠ કામ વધારે ઞૂવસૃિહૠને ક્અઙળૠેસ

આનંદ સિવસ ફટકારી ભાવો બપોરના હાડવેર ઊઅધણો વોટ

હટ ટેકસ ઓવરમાં નીચામાં આપની ડેટા મોનોકસાઈડ લોકસભામાં

હોિલવૂડની સેવાઓ ભારત સાંજે આગામી ઈફૠટરનેટ ઠાલવો ઉદાહરણ

હફૠદી પનૠિતમાં ન્અધાવી ડોલરની આપના મદદ રજકણ ક્અઙળૠેસના

ગીત સિવસીઝ ચેજ ડોલરવાળા સમય મા હતીનું િવસજન આઝાદી

સજક ઞીમીન ભારતે મળૠેફૠટ નગૠહદૠળમાં ઉપકરણો બળૠ ગળૠયાને ફગૠસૂઅગનો

કમ઼ૠથાનમાં સયૠય સુકાની ડોલરના નોકરી કોરૠબૠયુટર ળૄપમાં લોકાયુગૠત

સાંબળૠદાિયગૠતા ગવાઈઓ ઉઅઙૠલેફૠડ કુદાવી રાહત મા હતીની હાિન લોકપાલ

સોભૠટવેર બોલ ભાજપ િવરોધ પ રયળૠમણ આપ-લે પદાથ્ળૠના િવધાનસભા

The words of the topic are sorted in descending order probability value. Top words
of the topic are highly probable and semantically relevant to each other. There are
a few words which are low probable and would not be as relevant as top words in
the topic. Furthermore, these irrelevant or less relevant words will find some topic in
the set, in which they fit better. So, less relevant or irrelevant words for one topic
can be more relevant to another topic of the same set. Because they might have
occurred in the same document which could be about mixture of two different aspects.
Topics with these irrelevant words results in low semantic coherence. Topics with less
coherence are considered less interpretable. These words can be positioned to the
appropriate topic as per the probability value. The topic reassignment is done by
the reassignment component which uses the relevant word dataset. On the same line,
irrelevant words of that topic can be eliminated for better coherence. To accomplish
the view, The set of documents have been built. Each document in this set is a bag
of semantically relevant words and represents a specific subject or topic. For example,
“Science” can be a document with words pertinent to science domain. In simple terms,
An appropriate topic can be searched for less relevant and low probable words of
subjects. It probes a more appropriate topic from a discovered set of topics. Finally, it
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eliminates low probable words of that topic and places more semantically fitting words.
The topic coherence is measured by topic coherence analyzer. The whole process can
be understood with the help of an example.

Table 4.2 depicts the topics inferred for the Gujarati text news corpus. Out of set,
eight topics have been shown. For each topic, top 12 probable words have been selected
for the representation of that particular topic. As LDA does not have the provision
of automatic labeling of topics, and they are labeled manually. If the meaningful
label is assigned manually, then it would be more interpretable and understandable.
For example, topic 1 can be assigned a label ‘ચલિચદૠળ’ (The movie) or ‘મનોરંજન’(The
entertainment). Similarly, topic 2, topic 6 and topic 7 could be labeled as ‘કર અને
સેવાઓ’ (Tax and Services), ‘મા હતી’ (Information) and ‘બળૠદુષણ’ (Pollution) respectively.

Though all topics represent a specific theme, there are some cases in which a mis-
match could be found out. For example, the word ‘સોભૠટવેર’ does not fit in the topic
‘ચલિચદૠળ’ (The movie). In other words, the word ‘સોભૠટવેર’ is more fitting to the topic
‘મા હતી’ (Information) then to ‘ચલિચદૠળ’ (The movie). Similarly, the last word of the
of topic 3 seems more suitable for topic 8. It can be stated that if words are exchanged
according to their semantic relationship with other words of that topic, Then it dis-
plays the topic very precisely. As a result, the semantic coherence of the topic will be
increased. Consequently, it makes the topic more interpretable. It is easily identifi-
able that the last word of topic 2 and topic 3 is replaceable for better coherence and
interpretability. As shown into the architecture, the basis of exchange of the words is
a central repository of relevant words. Words exchange refers to this mapping.

Similarly, Table 4.3 shows topics with word and the corresponding probability. The
probability value indicates the frequency of the word present under that topic. For
example, ‘ડોલર’ (Dollar) encounters 12 times out of 100 words across the topic. word
It can be observed that last two words (‘ભાજપ’ , ‘િવધાનસભા’ ) of Topic 3 fit better
in Topic 4(‘રાજકીય’). Moreover, last two words (‘ળૄિપયા’ , ‘મજબુત’ ) of Topic 4 are
more appropriate for Topic 1(‘શેરબઞીર’). Such occurrences of words into the topics can
happen. These words will result in less understandability of the individual topic and
the topic model. Furthermore, If the topic has long list of words, then specialization of
the topic cannot be made. For illustration, a ’Sport’ category topic can be specialized
further in the category of the ’Cricket’, ’Football’ etc. The level of specialization can
be set as per the need. Specialty represents the text collection more precisely.

Figure 4.3 explains the process of coherence optimization employing words replace-
ment. For the ‘Topic 0’, it locates low probable words which are irrelevant normally.
Then it searches for a most relevant document from the set based on these words. On
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successful search, it finds out another topic(e.g.‘Topic 1’) from the set which is more
appropriate. It replaces low probable words in that ‘Topic 1’ by low probable words of
‘Topic 0’.

TABLE 4.3: Topics inferred for the Gujarati text with probability

Topic 1 [ શેરબઞીર ] Topic 2 [ ઞૂએસટી ] Topic 3 [ કોરૠબૠયુટર નેટવક ] Topic 4 [રાજકીય]

Word Prob. Word Prob. Word Prob. Word Prob.

ડોલર 0.12 ઞૂએસટી 0.11 નેટવક 0.13 સરકાર 0.08

બઞીરમાં 0.12 દેશમાં 0.04 એકબીઞી 0.06 માયનોરીટી 0.04

િવસૠ 0.10 દર 0.04 મા હતીનું 0.04 ક્અઙળૠેસ 0.04

ભાવો 0.10 સવૂળૠશ 0.04 ઉપકરણો 0.04 વોટ 0.03

નીચામાં 0.07 સેવા 0.03 ઊઅટરનેટ 0.04 દેશમાં 0.03

સાંજે 0.07 ગવાઈઓ 0.03 આદાનબળૠદાન 0.04 લોકસભામાં 0.03

ડોલરની 0.07 વેરા 0.03 ડેટા 0.04 આઝાદી 0.02

ઔંશના 0.05 વૈિસૠક 0.03 કોરૠપુટરો 0.03 લોકાયુગૠત 0.02

સમાચારો 0.05 દંડની 0.03 ડાયેલ 0.03 લોગૠપાલ 0.02

ઝડપી 0.03 બળૠકારની 0.03 રેકોડ 0.03 ફિગૠસંગ 0.02

આંચકા 0.01 બળૠકાશ 0.02 િવધાનસભા 0.01 ળૄિપયા 0.01

છેવૠે 0.01 ઞીમીન 0.02 ભાજપ 0.01 મજબુત 0.01

FIGURE 4.3: depicts how irrelevant words, which are low probable too, get replaced
by low probable but more relevant words.
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Algorithm 3 shows the pseudo code of topic coherence optimization process. The
method iterates topic by topic over the topic set. In the first step, it locates the least
probable words of the particular topic. By low likely words of the topic, it searches the
document which contains these low probable words from the relevant word data set.
Those related words will be matched against each topic one by one. The words of the
document having low probable words said to be the relevant document. It extracts the
words of the particular corresponding document.

Algorithm 3 Topic Coherence Optimization
Input: topicSet <> // Set of k topics

relevantWordSet <> // Set of d documents with semantically relevant words
interTopicSet <> // Set of t topics, where t ≤ k

lowProbWords[ ] // List of Low Probable words of topic
lowN → {1,2,3,4,5}
avgCohThresh {Average coherence of all topics in topicSet}

Output: optimizedTopicSet <>
// Set of topics with optimized coherence
/* Computers average topic coherence */
avgCohThresh← getAvg(Coherence[topicSet <>])
for Each topic ki in Topic Set do

/* Consider topics with less than average coherence for optimization */
if Coherence(ki) ≤ avgCohThresh then

interTopicSet <>← ki
end

end
for Each topic ti in interTopicSet <> do

lowProbWords[ ]← Last lowN words of ti
for Each document dr in relevantWordSet <> do

/* Find out relevant document corresponding to low probable words of topic ti

*/
if lowProbWords[ ] in dr then

Find topic tj such that pdf [dr] ≈ pdf [tj], where i ̸= j
// pdf is probability distribution of words

Replace lowProbWords[ ] of tj as per the probability score of terms in dr
end

end
end
/* Replace topics by optimized topics in OptimizedTopicSet */
for Each topic ki in topicSet do

if Coherence(ki) > avgCohThresh then
optimizedTopicSet <>← ki

else
optimizedTopicSet <>← ti

end
end
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The topic set is filtered out based on the semantic coherence of the individual
topic. The average semantic coherence is computed for filtering topics which have
more semantic coherence than the average semantic coherence of topic model. The
remaining topics are considered for the optimization process. The less relevant words
are replaced by more relevant words. The number of low probable words are to be
replaced differs. In this study, low probable word replacement ranges from 1 to 5.
Once topic optimization process is completed for each topic, filtered topics are merged.
We analyze the time complexity, suppose there are |K| topics and | D | documents of
relevant words. Algorithm searches for relevant document for each topic. If document
is found, then it replaces the low probable words by relevant words. To sum up, the
running time complexity of semantic coherence optimization technique is O(|K| · |D|).

4.3 Experiment - Evaluation of Topic Coherence

First, the topics have been discovered for the collection of Gujarati news articles. Topic
coherence optimization technique has been applied to optimize semantic coherence.
There were total 800 news articles in the collection. The news articles have been
extracted from online source of news papers. There have been 70 topics modeled .
The preprocessing steps were applied as suggested in the workflow. The terms which
occurred less than two times across the corpus have been filtered [60]. The terms have
not been eliminated which occur too frequently in the corpus. The experimental setup
parameters have been shown in Table 4.4.

TABLE 4.4: Coherence Measurement - Experimental Setup

Parameter Value

Operating System Ubuntu 14.04 LTS

O.S type 64 bit

Memory 3.7 GB

Processor Intel Core i3-3220 CPU @ 3.30 GHz * 4

Dataset 800 News Articles

Total Word tokens 52,758

Vocabulary Size 2822

Topics inferred 70
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4.3.1 Coherence Measurement Methods

There are two important methods for measuring the coherence of topic. It considers
words occurrence in a topic and word co-occurrence of words in the document of ref-
erence corpus. It fixes the window of N words to determine the co-occurrence of two
words. The large window gives better semantic coherence value.

Pointwise Mutual Information (PMI)

Concerning the outcome of a topic model, PMI of any two words of a given topic has
computed the divergence between the probability of their co-occurrence given their
joint probability distribution and their discrete distributions, provided that events are
independent of each other [87] [60] [58]. It can be written mathematically as shown.

PMI(word1, word2) = log
P (word1, word2)

P (word1)P (word2)
(4.1)

The order of words does not change the PMI score for that pair of words. The
measures remain symmetric for PMI (word1, word2) and PMI (word2, word1). The
reason being is that documents are considered the bag of words (BOW), and it does not
consider the order of occurring the words in the documents. Likewise, the reference
corpus also does not give any importance to the word order. The PMI score could
take either positive or negative value. The words are said to be having no association
concerning the reference corpus if PMI value is zero. On the other hand, PMI maximize
when words are having strong association among them.

Normalized Pointwise Mutual Information (NPMI)

The extension of PMI method is Normalized PMI. It is similar to PMI except the score
of NPMI takes value between [−1,+1] in which -1 conveys no occurrence together, 0
indicates independent and 1 indicates complete co-occurrence [60] [58].

NPMI(word1, word2) =
PMI(word1, word2)

−logP (word1, word2)
(4.2)

A couple of experiments carried out for measuring the topic coherence. The approach
has been followed as suggested in [57] for reference corpora. Instead of following exter-
nal reference corpora such as Wikipedia or Google [60] [88] [58]. The relevant words
set has selected as reference corpora. First, the topic coherence has been computed
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for all inferred topics. Then, optimization performed by swapping of last few words
between two topics. The number of words for swapping ranges from 1 to 5. The
results showed that coherence increased when words got swapped with other low prob-
able words among inferred topics. The finding supported the coherence measurement
methods that as the co-occurrence of any two words increases in a topic, the semantic
coherence also increases proportionally. As explained in the proposed methods, words
have been exchanged among the topics based on their fitting to another topic in the
set. The results also revealed that semantic coherence of the topic increased with the
number of words exchanged. Figure 4.4a and Figure 4.4b shows the result of coherence
measurement by NPMI and PMI method respectively. As more semantically relevant
words are put together, the topic coherence would be increasing and same supported
by outcomes of the experiments.

(a) PMI (b) NPMI

FIGURE 4.4: shows the semantic coherence computed using PMI and NPMI methods.
It replaces the low probable words by relevant words. The relevant words have been
considered from relevant word set prepared in advance.

4.4 Chapter summary

In this chapter, the architecture and method for coherence optimization of a topic have
bee proposed. It implied by the set of experiments that when it optimizes the coher-
ence of an individual topic, the coherence of topic model also improved. The detailed
workflow has been showed in a stepwise manner. It emphasized on the preprocessing
part for making text collection for noise-free. In the test based setup, there have been
learned 70 topics over 800 news articles. The coherence optimization method has been
used for learned topics and measured the semantic coherence using two techniques,
PMI and NPMI. The outcomes revealed the fact that if low probable words (which
could be irrelevant or less relevant to other top and high probable words) are replaced
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by relevant words, then semantic coherence found improved. In both of the method
measurement, the column of coherence value went high after optimization. The natural
language processing task unveils various linguistic characteristics for the particular lan-
guage. Likewise, Gujarati also owns its complex morphology. In the next chapter, the
inflectional forms aspect of Gujarati has been introduced, as Gujarati is inflectionally
rich.
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CHAPTER - 5

Gujarati Text Inflectional Forms
Reduction

The continuing growth of the World Wide Web drove internet to become a tool for ac-
cessibility almost every piece of information. Though English has been trade language
for such information access, the availability of content in a wide range of different natu-
ral languages. This phenomena caused a need to efficiently bridge the gap between the
languages, using language-independent and standard methodologies for diverse prob-
lems.

Each natural language owns its unique set of linguistic properties, such as the set
of grammar rules, part-of-speech, set of nouns, verbs, and adjectives, morphology, etc.
Information retrieval is found difficult when it gets to deal with highly inflectional
languages [89] [90]. Putting in simple words, a base word could have many other
forms. Generally, richer the inflectional morphology of a language is, higher the number
of forms of the base word. Various issues relevant with linguistic characteristics are
bubbled out especially when languages differ. Thus, it affects the performance of
information retrieval in several ways. For example, the ultimate outcome does not
meet the need or it generates a less interpretable result. Some technique must be
attempted to attain better performance of information retrieval when language has
high inflectional morphology [91] [92] [90].

Gujarati is an exceptionally inflectional dialect with a free word arrange [93]. Gu-
jarati can have different postpositions included with the nouns or verbs [94]. Mor-
phological complexity varies from language to language. For example, English can be
considered as simple inflectional morphology, as it has four differing noun forms. On
the hand, finnish is a complex inflectional language with 14 noun forms in singular and
plural [91]. A base word in Gujarati may have 6 to 15 inflectional variations, either in
the form of noun or verb. A root word has 6 to 12 inflectional forms. Many words have
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more than 15 inflectional forms. For example, The root word ‘બનવું’ (To make/To
happen) covers 18 inflectional forms such as ‘બનાવ, બનાવતા, બનાવનાર, બનાવમા,
બનાવવાની, બનાવવાનું, બનાવવાનો, બનાવવામાં, બનાવી, બનાવીએ, બનાવેલા, બનાવેલી,
બનાષૠયા, બનાષૠયું, બનાષૠયો, બનીને, બનેલી, બફૠયું, બફૠયો’. Gujarati grammar affects in
generating the inflectional forms of the words. For example, ‘કોઈપણ’ and ‘કોઇપણ’
(anybody) have the same meaning but have different Gujarati spelling.

In topics inference process, each word is assigned a topic. Initially, the random topic
assignment is performed. Then, during each iteration, the assignment is estimated for
each word of each document based on the assignment of other words in the collection.
Additionally, vocabulary is referred during the process of reassignment. It means the
size of vocabulary matters as a part of the whole process of inference. It is evident that
the vocabulary becomes quite extensive in terms of discrete words. If the language of
text corpora under study is rich inflectional morphologically, the vocabulary becomes
even more significant. The size of vocabulary influence the posterior inference time.

5.1 Inflectional forms

The issue of running to the large size of vocabulary can be overcome by reducing
inflectional forms to its root words. For illustration, the‘ગુજરાતના, ગુજરાતી, ગુજરાતનુ,
ગુજરાતીઓ,ગુજરાતનો’ inflectional forms can be reduced to the base word ‘ગુજરાત’(Gujarat).
Moreover, sometimes two distinct words ‘ગુજરાતના’(of Gujarat) and ‘ગુજરાતનાં’(of Gu-
jarat) or words ‘ગુજરાતન’ુ(of Gujarat) and ‘ગુજરાતનુ’ં(of Gujarat), which seems almost
same, are used interchangeably. Therefore, these two variations of the same word must
be reduced to its root.

Table 5.1 shows the frequently occurring suffixes in Gujarati news articles. Besides,
it contains the approximate frequency of occurrence for the respective suffix in the list.
The proposed list includes many suffixes from the suffixes introduced in [95]. It can
be noticed the suffixes occurs with more than 25% of words in Gujarati news articles.
A word can have more than one suffixes appended in a sentence to form the multiple
inflectional forms of the same word. There are some suffixes which are quite frequently
appended compared to some other suffixes in the list. The frequencies of suffixes varies
from domain to domain. For example, A Gujarati novel text collection might have
little different value of occurrence.

Algorithm 4 for suffix removal process works for each word of each document. Each
word’s suffix is matched with suffix list. If the word ends with one of the suffixes of
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Suffiex % of Occurrence

’નો’ (No) 1.62

’ના’ (Na) 3.73

’ન’ે (Ne) 3.87

’નુ’ં (Nun) 0.83

’ની’ (Nee) 4.46

’માં’ (MaN) 4.85

’થી’ (Thi) 1.82

’માંથી’ (ManThi) 0.52

’ઓના’ (ONa) 0.02

TABLE 5.1: Average Occurrence of suffixes in Gujarati Newspapers

the list, then suffix is eradicated from the particular word. Otherwise, the word is left
as it is. It is necessary to mention here that suffix elimination process does not cut
the length of the document. In turn, the number of words in the corpus also remains
unchanged. It decreases the number of distinct words in the document and in turn,
in the corpus. The similar type method has been proposed in the work [96]. In that
specific approach for the suffix removal, the words were matched against the root word
dataset. The root words list runs to massive length. It has to match the word of the
document to each word of the root list. It results in expensive computationally. The
proposed method in this work needs to match with the limited number of suffixes of
the list.

Algorithm 4 Algorithm to remove suffix of the words
Input: Dataset, SuffixList
// predefined list of suffixes
Output: Dataset with suffixes removed
// process iterates over each document, and over each word in that document
for Each document in Dataset do

for Each word in document do
if word ends with any Suffix from SuffixList then

Remove the Suffix from end of word only;
end
else

// No changes in the word if does not end with a suffix
Continue with the next word;

end
end

end
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5.1.1 An Example - Inflectional forms

In the same line, Table 5.2 exhibit an illustration of the word with suffix and without
suffix for each suffix in Table 5.1. It can be observed that said that the number of
characters decreases once suffixes have been taken away. Moreover, There is need of
two or more than two English alphabet to map single Gujarati letter.

Suffiex Inflectional Word Root Word

’નો’ (No) ભારતનો ભારત

’ના’ (Na) ળૄિપયાના ળૄિપયા

’ન’ે (Ne) વડાબળૠધાનને વડાબળૠધાન

’નુ’ં (Nun) નેતાનું નેતા

’ની’ (Nee) ફાંસીની ફાંસી

’માં’ (MaN) ભાવમાં ભાવ

’થી’ (Thi) આગથી આગ

’માંથી’ (ManThi) નેદૠળમાંથી નેદૠળ

’ઓના’ (ONa) આતંકીઓના આતંકી

TABLE 5.2: Most common suffixes in Gujarati

5.1.2 Posterior inference time

Though topic models are about the generative story of the document, in practice, they
are meant to infer the major topics from the text collection. The inference process
estimates the document-topic proportion and topic-word probabilities given the pri-
ors in the form of hyperparameters. For illustration, unsupervised learning of topic
models using Expectation Maximization needs the repetitive computation of marginal
probabilities of what topics are present in the documents. The field of information
retrieval, one needs to infer the proportion of topics for each unseen document. There
are several methods applicable for the inference of topics, such as Gibbs sampling [53]
or variational inference [2]. The work attempted in [97] settled the proof that if the
document is composed of a small number of topic, Maximum a posterior inference may
take polynomial time. The computation time of posterior statistical inference depends
on the number of iterations (I), number of topics are to be inferred (K), number of doc-
uments in the collection (D), the average length of the document (N) and the number
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of distinct words in the corpus which is vocabulary (V).

O(I,K,D,N, V ) (5.1)

Once text collection is preprocessed, and inflectional forms are transformed to their
respective root words, it reduces the length of the vocabulary to Vmorphed(Vmorphed < V ).
The length of vocabulary plays a major role in the assignment of the topic to a word.
It checks the likelihood for each possible word while reassigning the topic to a word.
This step takes place for each word in each iteration. If the inflectional words would
not have been reduced to its root words, then the number of possibilities increases and
the time for the inference process also goes up consequently. so it can be represented
as

O(I,K,D,N, Vmorphed) < O(I,K,D,N, V ) (5.2)

Equation (3.1) showed the full probabilistic model. The particular inference process
can be understood by examining it. By itegrating out θ and ϕ separately, (3.1) has
been reproduced rewritten as (3.2). Then , By integrating out θ in terms of Z and
W, the equation (3.9) has been derived. It can be seen the topic proportion has been
assigned homogeneously for each document in prior. The posterior inference takes prior
distribution into account. The posterior inference modifies the proportion of the topic
in the specific document as actual words are getting observed. The topic proportion
sums to 1 in both the case, the prior belief and the posterior inference. The equation
(3.10).

Accordingly, In order to integrate out ϕ in (3.2), the similar method has been
applied. The dirichlet distribution of words in a topic has been represented by β.
As K-dimensional θ vector for expressing topic distribution in a document, β vector
represents a V-dimensional vector. Each dimension in vector β takes the probability of
the word in that particular topic, and there would be K such β vector. On this basis
and the complete integration of θ, integration of ϕ can be composed mathematically
straight away has been displayed in 3.14. The type of word is represented by ’r’. It
can also be said as the word identity. There are several numbers of tokens of type ’r’.
The vocabulary is composed of word identity. The topic inference works on the word
identity, not for individual tokens. The topic reassignment is done by examining the
what topics have been assigned to all tokens of the same word. It considers one token
at a time, and all token’s topics are assumed to be correct. In Equation (3.14), ’r’
spans across the length of the vocabulary to infer the word for the specific topic. This
implies that if vocabulary is larger, inference time also increases proportionally. By
reducing inflectional forms to their respective root words, it performs better in terms
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of inference time.

Word Frequency Word Frequency

’કે’ (Ke) 0.003833333 ’ ’ (Jo) 0.000750000

’છે’ (Chhe) 0.025166667 ’જ’ (Ja) 0.002500000

’જ’ે (Je) 0.001083333 ’ન’ (Na) 0.001000000

’તે’ (Te) 0.001666667 ’બે’ (Be) 0.001166667

’એ’ (E) 0.000833333 ’તો’ (To) 0.001833333

’આ’ (Aa) 0.004250000 ’હંુ’ (Hun) 0.000416667

’છો’ (Chho) 0.000833333 ’સૠળી’ (Shree) 0.001583333

TABLE 5.3: Single Letter Words

5.2 Experimental Setup

The semantic coherence of topic model considers the semantic relationship of words
in the topic. The inflectional forms of words plays its part in the formation of topic.
Similaraly, single-letter words shows their presence in the topic formation. The various
set of tests have been carried out to analyze the influence of presence or absence on
inflectional forms and single-letter words.

5.2.1 Coherence measurement

The topic model coherence has been measured after of single-letter words removal and
inflectional forms reduction. There have been 70 topics discovered from 800 news arti-
cles. The total number of tokens were 52,738 with 2282 distinct words. The semantic
coherence improved after single-letter word removal. As described earlier in Table 5.3,
4% of words are of the category single-letter words. Moreover, Though they are not
stop words, they are not useful terms for the information retrieval. They co-occurs with
any word in the document. Figure 5.1a presents the semantic coherence comparison
before single-letter word removal, and after single-letter word removal.

Likewise, inflectional forms also affects the semantic coherence. The result of the
experiment showed that semantic relationship between words of topic became more
coherent. In other words, semantic coherence improved after inflectional forms have
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been reduced to its root words. Once inflectional words are reduced to its root words,
more tokens can be accommodated in the topic. Moreover, a root word represents all
inflectional forms as one word instead of many words. The number of tokens with
different word identity now decreases.

(a) After single-letter words removal (b) After inflectional forms reduction

FIGURE 5.1: shows the semantic coherence measured using PMI and NPMI methods.
It depicts the comparison of the measure for single-letter word removal and inflectional
forms reduction.

5.2.2 Inference time

The set of experiments have been performed for the dataset composed of 1300 news
articles. The total number of tokens were 1,54,710. After removal of stop words,
words with digits, alphanumeric words, it has been left with 4811 distinct words. The
experiments were carried out with two variation combination, before /after inflectional
forms reduction and before/after single letter word removal. It resulted in varying
vocabulary size. The vocabulary size for not reduced inflectional forms and not removed
single word letters was 4811. It was 4744 after inflectional form reduction. It was 4185
after single letter removed but not reduced inflectional forms. And, after inflectional
forms reduction and single letter word removal, it left 4118 distinct words. Table 5.4
shows the parameters and its values for the experiments.

The posterior inference time decreases as the number of words decreases the in the
vocabulary. According to posterior inference, each term of each document is considered
for the topic reassignment. The most likely word is sampled from the vocabulary for
that specific term. Hence, as shown in Figure 5.2a, the posterior inference takes more
time if the number of words in the vocabulary goes high. It also relies on the number
of topics. It also clearly indicates that difference gets wider with number of iterations
of the posterior inference. Figure 5.2b uncovers an other influencing factor on the
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TABLE 5.4: Parameters and its values

Parameter Value

Operating System Ubuntu 14.04 LTS

O.S type 64 bit

Memory 3.7 GB

Processor Intel Core i3-3220 CPU @ 3.30 GHz * 4

Dataset 1300 News Articles

Total Word tokens 1,54,710

No inflectional forms reduction - No Single-letter word removal 4811

No inflectional forms reduction - Single-letter word removal 4744

Inflectional froms reduction - No single-letter word removal 4185

Inflectional form reduction - Single-letter word removal 4118

Topics inferred 100

posterior inference time. If conveys that if number of iterations increases, the inference
time also increases. In other words, the inference time in figure 5.2b is quite larger
compared to figure 5.2a, as the larger number of iterations.

(a) Inference Time(800 articles) (b) Inference Time(1300 articles)

FIGURE 5.2: Figure shows the comparison of inference time taken for a various number
of iterations. It has been observed that running time decreased after the inflectional
forms reduction to root words. The difference between inference time got wider as the
number of iteration increases. Figure 5.2a depicts the inference time for before and
after inflectional forms reduction or single letter removal for the dataset of 800 articles
and 30 topics. Figure 5.2b shows for 1300 articles and 100 topics.

Furthermore, the number of topics also does matters for the posterior inference
time. There have been performed two tests for the varying number of topics, one for
500 and another for 1000 iterations. It has been discovered that posterior inference
also relies on the number of topics. Figures 5.3a and 5.3b depicts that the posterior
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times raises as the number of topics increases from 100 to 400 at the interval of 100
topics for 500 and 1000 iterations respectively.

(a) Inference time for 500 iterations (b) inference time for 1000 iterations

FIGURE 5.3: The inference time has been depicted in figure 5.3a for 500 iterations.
It shows the comparison of inference time for both the scenario, inflectional forms
reduction and single-letter word removal. Figure 5.3b demonstrates the inference time
for 1000 iterations.

5.2.3 Topic Size

Topic Quality can be measured regarding the number of tokens assigned to the topic.
The topic quality can be considered getting better with increasing number of tokens
assigned to top words [54]. The experiment has been carried out twice. Initially top 20
words have been considered to examine what percentage of total tokens assigned to top
20 words. Moreover, the experiment has been performed for removal of single-letter
words and then for non-removal of single-letter words. Moreover, In the individual
test, the percentage of total tokens assigned to a topic have been compared before and
after inflectional forms reduction to its root words. By the experimental outcomes, It
has been observed that the fraction of tokens assigned to top 20 words increased when
it was inflectional forms reduction to its root words.

In the next run, without single-letter word removal, again inflectional form re-
duction scenario has gained a higher percentage of tokens compared non-reduction
of inflectional forms. The percentage of token assignments to top 20 words slightly
increases when single-letter words have been removed . The result indicates that if
single-letter words might have been replaced by more topic-specific words, as it has
been observed that semantic coherence measure also gets better. The outcomes have
been depicted for without single-letter word removal and for with single-letter word
removal in Figure 5.4a and Figure 5.4b respectively.
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(a) Fraction of tokens for top 20 words (single-
letter word not removed

(b) Fraction of tokens for top 20 words (single-
letter word removed)

FIGURE 5.4: Figure 5.4a shows the the percentage of tokens assigned to top 20 words
before single-letter word removed. It depicts the comparison between before and after
inflectional forms reduction for the fraction of the tokens assignment. Likewise, figure
5.4b also compares the fraction of tokens before and after inflectional forms reduction,
but it is after single-letter word removal.

On the same line, another experiment has been carried out which differs regarding
the number of tokens assigned to top 20 words out of total tokens assigned to a topic.
In the previous run, it was a percentage of assigned tokens to top 20 words of the
topic. The results of the experiments convey that the number of tokens assigned to
top 20 words decreases with increase of the number of inferred topics. As the corpus
remained as it was for the experiment, the total number of tokens in the corpus also
remained unchanged. As the number of inferred topic increases, tokens kept on divided
among those topics. Figure 5.5a and figure 5.5b depicts the experimental outcomes for
without the single-letter word removal and after removing single-letter words from the
corpus. It showed that the number of tokens increases with inflectional forms reduction
compared to the counterpart. It is justified that inflectional forms reduction process
caused the number of distinct words decreased. Therefore, top words of the topics
achieves more number of tokens compared to without inflectional forms reduction.
Additionally, the number of tokens assigned to the topic also increases after removing
single-letter words.

On the other end, the single-letter words removal did not bring out increase in
the number of tokens assigned to top 20 words. It can been seen from tables 5.3 and
5.1 that single-letter words occurrence are quite less compared to inflectional forms
occurrence frequency.
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(a) Number of tokens for top 20 words (Single-
letter words not removed)

(b) Number of tokens for top 20 words (Single-
letter words removed)

FIGURE 5.5: Figure 5.5a shows the number of tokens assigned to top 20 words before
single-letter word removed. It depicts the comparison between before and after inflec-
tional forms reduction for the fraction of the tokens assignment. Likewise, figure 5.5b
also compares the fraction of tokens before and after inflectional forms reduction, but
it is after single-letter word removal.

5.2.4 Word Length

In addition to the number of tokens assigned to the specific number of top words
as one of the topic goodness measures, The word size is also an influencing factor
for determining an individual topic quality Word with more number of characters is
considered more specific word [54]. In the experimental run, the average length of
words have been compared for 100, 200, 300 and 400 topics with 500 iterations. It has
been considered all four cases, before and after inflectional forms reductions. Similarly,
it has been considered for before and after single-letter word removal. It can be proved
from the results shown in Table 5.5 that average number of characters decreases after
inflectional forms reduction. The reason behind is suffixes of words got removed after
inflectional forms reduction.

Once suffixes are removed, the different inflectional forms of the root words reduced
to the root words. As a result, top words of the topic now comprises words without
inflectional forms. The different words might have been taken more tokens withing top
words. For example, a topic contains ’ભારતના’ ,’ભારતનુ’ ,’ભારતનું’ and ’ભારતની’ as top
words of the particular topic. All mentioned words are inflectional forms of the root
word ’ભારત’. If they are reduced to the root words, so tokens were assigned to inflec-
tional forms, would be assigned to root word. Effectively, top words accommodated
new words and in turn, those new words contained several tokens.
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On the other side, single-letter words removal resulted slightly increase in average
word length in topics. The single-letter words do not occur that frequently among top
words of the topic. On more point is to be noticed that average word length of top
words in topics does not change with the rise in the number of topics inferred.

TABLE 5.5: Average word length of word in topic(500 iterations)

Methods / No. of Topics 100 200 300 400

No inflectional forms reduction

No single-letter words removal
6.16 6.16 6.25 6.28

No inflectional forms reduction

Single-letter words removal
6.23 6.3 6.28 6.33

Inflectional forms reduction

No single-letter words removal
5.74 5.69 5.72 5.75

Inflectional forms reduction

Single-letter words removal
5.77 5.76 5.74 5.79

Likewise, an experiment has been accomplished to observe the average length of
words for top words of the topic. The test fixed topic size 100 while kept varying the
number of iterations from 500 to 2000 at the interval of 500 iterations. The outcome
showed that an average number of characters of top words does not change remarkably
with a number of iterations. The reduction of inflectional forms to root words showed
the difference in the average length. Table 5.6 shows the detail figures of average word
length.

TABLE 5.6: Average word length of word in topic(100 topics)

Methds / No. of Iterations 500 1000 1500 2000

No inflectional forms reduction

No single-letter words removal
6.16 6.15 6.17 6.14

No inflectional forms reduction

Single-letter words removal
6.23 6.25 6.24 6.29

Inflectional forms reduction

No single-letter words removal
5.74 5.76 5.77 5.76

Inflectional forms reduction

Single-letter words removal
5.77 5.78 5.75 5.79
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To study the extream of word length as far as a number of characters having in
words of the topics, the outcomes have been examined to find the topic from the set
which gained the highest of average on a number of characters in the topic. As shown
in figure 5.6a, It has been found that column gets shorter after reduced inflectional
forms and also after removed single-letter words. In the same trial, it also has been
observed that maximum value increased with increasing the number of topics. Figure
5.6b depicts the the topic having highest number from average number of characters
for varying number of topics.

(a) Maximum number of characters for varying
number of topics

(b) Maximum number of characters assigned to
any topic

FIGURE 5.6: Figure 5.6a presents the maximum number of characters in a topic. The
number of characters in the topic is averaged out first. It shows variation for 100,
200, 300 and 400 topics. Figure 5.6b shows the measure across all combination of
inflectional forms reduction and single-letter word removal.

5.2.5 Topic size and word length for Top-10 words in the topic

The experiment has been carried out for analyzing topic size and word length for top-
10 words. Topics have been formed for 500 iterations. The topic set has been built
for 100, 200, 300 and 400 topics. The test derived the number of tokens assigned for
top-10 words, the total number of tokens assigned to the particular topic, percentage
of total tokens apportioned, the number of characters allocated to top-10 words, and
the average number of characters per word in the specific topic. The results can be
compared based on the numerous factors. It can be perceived that topic size does
not change remarkably in the case of single-letter words removal. Though the fraction
of tokens assigned to top-10 words increased with the size of topic set, the average
number of characters in the topic remains almost unaffected. It can also be said that
it increased slightly. In the addition, average number of characters present in the
words of the topics also have not changed with the increase in the size of topic set.
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It is noticeable that total number of tokens assigned to top-10 words decreased with
increase in the number of topics discovered.

From the evidence, it can be found out that inflectional forms of the words played
noteworthy part for the tokens assignments during topic discovery process. By com-
paring the results before the inflectional forms reduction and after inflectional forms
reduction, it has been seen that percentage of tokens assigned to top-10 words raised
to the notable amount. In simple words, the topic size increased remarkably in the
case of topic inference after inflectional forms reduction. It means that there should
be existence of significant numbers of inflectional forms in the news articles collection.
Once inflectional forms have been reduced to root words, the more number of tokens
could have been assigned to the specific word of the topic. It resulted in the rise of
topic size.

On the other end, average length of words decreased as an effect of inflectional forms
reduction. Apparently, there are significant amount of inflectional forms do existence
in the corpus. As they are got rid of, the average number of characters in the words
decreases. It did not result into the drop of semantic coherence.

In the single-letter word removal settings, it has offered the progress into the topic
quality. In both of the scenarios, before and after inflectional forms reduction; the
average number of characters for words in the topics grown after the removal of single-
letter words. Also, the fraction of tokens assigned to top-10 words slightly increased.

TABLE 5.7: No inflectional forms reduction - No single-letter word removal(Top-10)

Topic
Average No. of

tokens assigned to

Top-10 words in a topic

Total No. of

tokens assigned

to the entire topic

% of tokens

assigned to

Top-10 words

No. of characters

for Top-10 words

in a topic

Average No. of

of characters

in a word

100 218 557 39.08 62.41 6.24

200 140 278 52.93 64.12 6.41

300 105 185 62.40 64.70 6.47

400 84 144 62.40 64.70 6.43
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TABLE 5.8: No inflectional forms reduction - Single-letter word removal(Top-10)

Topic
Average No. of

tokens assigned to

Top-10 words in a topic

Total No. of

tokens assigned

to the entire topic

% of tokens

assigned to

Top-10 words

No. of characters

for Top-10 words

in a topic

Average No. of

of characters

in a word

100 215 551 38.89 63.61 6.36

200 137 275 52.40 64.26 6.44

300 103 185 62.72 64.40 6.43

400 83 141 68.86 64.52 6.46

TABLE 5.9: Inflectional forms reduction - No single-letter word removal(Top-10)

Topic
Average No. of

tokens assigned to

Top-10 words in a topic

Total No. of

tokens assigned

to the entire topic

% of tokens

assigned to

Top-10 words

No. of characters

for Top-10 words

in a topic

Average No. of

of characters

in a word

100 218 557 39.08 62.41 5.89

200 163 294 57.44 58.52 5.87

300 120 196 66.68 58.53 5.85

400 96 148 72.88 58.37 5.83

TABLE 5.10: Inflectional forms reduction - Single-letter word removal(Top-10)

Topic
Average No. of

tokens assigned to

Top-10 words in a topic

Total No. of

tokens assigned

to the entire topic

% of tokens

assigned to

Top-10 words

No. of characters

for Top-10 words

in a topic

Average No. of

of characters

in a word

100 255 582 43.84 56.63 5.95

200 161 291 58.09 58.87 5.88

300 120 194 66.85 58.88 5.88

400 96 149 72.65 59.30 5.93

5.2.6 Topic size and word length for Top-30 words in the topic

The outcomes of the experiments for top-10 have been analyzed previously. In the
same settings, the operations have been extended to top-30 words of topics. The crucial
observable point is the number of characters assigned in the top-10 words setup and top-
30 words setup. The average number of characters for top-30 words are approximately
three times more than that of top-10 words. It indicates the linear increase in the
number of characters with the rise in top-n words consideration for the topic.
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The number of characters in the words of topic did not change significantly for top-
30 words topic. It has implied that word size of Gujarati remains mostly stable even if
a long list of words has been considered to represent that particular topic. Moreover,
the average number of characters in the words across the topic decreased in the case
of inflectional forms elimination. The similar behavior has been observed for the setup
of single-letter words removal.

The topic size also increased proportionally with the number of top words considered
to represents the topic. The number of tokens increased for the scenario of top-30 words
per topic compared to top-10 per words topic. The fraction of the tokens assigned to
top-30 words also has raised accordingly. The portion of tokens assignment increased
with the increase in the number of topics inferred. The outcomes are understandable
as the total tokens in the corpus did not change.

TABLE 5.11: No inflectional forms reduction - No single-letter word removal(Top-30)

Topic
Average No. of

tokens assigned to

Top-30 words in a topic

Total No. of

tokens assigned

to the entire topic

% of tokens

assigned to

Top-30 words

No. of characters

for Top-30 words

in a topic

Average No. of

of characters

in a word

100 395 561 69.52 184.7 6.15

200 245 292 85.93 185.82 6.19

300 245 274 89.15 187.31 6.24

400 253 276 90.34 189.98 6.33

TABLE 5.12: No inflectional forms reduction - Single-letter word removal(Top-30)

Topic
Average No. of

tokens assigned to

Top-30 words in a topic

Total No. of

tokens assigned

to the entire topic

% of tokens

assigned to

Top-30 words

No. of characters

for Top-30 words

in a topic

Average No. of

of characters

in a word

100 388 551 69.92 186.67 6.22

200 246 289 86.14 181.47 6.28

300 237 267 89.57 190.51 6.35

400 249 275 89.83 190.7 6.35

74



Chapter summary

TABLE 5.13: Inflectional forms reduction - No single-letter word removal(Top-30)

Topic
Average No. of

tokens assigned to

Top-30 words in a topic

Total No. of

tokens assigned

to the entire topic

% of tokens

assigned to

Top-30 words

No. of characters

for Top-30 words

in a topic

Average No. of

of characters

in a word

100 438 588 74.6 170 5.69

200 276 311 88.9 170.1 5.67

300 268 293 91.21 171 5.71

400 274 295 92.54 172 5.73

TABLE 5.14: Inflectional forms reduction - Single-letter word removal(Top-30)

Topic
Average No. of

tokens assigned to

Top-30 words in a topic

Total No. of

tokens assigned

to the entire topic

% of tokens

assigned to

Top-30 words

No. of characters

for Top-30 words

in a topic

Average No. of

of characters

in a word

100 434 582 74.54 170 5.69

200 279 318 88.34 171 5.7

300 271 294 91.42 173 5.77

400 269 287 92.45 174 5.81

Putting the all the different setup outcomes into summarized form, the word length
remains almost unchanged for topics considering different number of words for repre-
senting those topics. The fraction of tokens assigned to top words increased in the case
of inflectional forms reduction. But the word length decreased for the same scenario.
The average number of characters for the entire topic set increases with the number of
top words consideration. The fraction of the token assignment for top words decreased
with increase in the number of topics inferred. Furthermore, the word length has not
been found varying with varying size of iteration and varying size of topics.

5.3 Chapter summary

This chapter presented two linguistic characteristics of Gujarati text. First, Gujarati
text is morphologically complex. In simple words, Gujarati words have a high number
of inflectional forms. The technique has been applied to reduce inflectional forms to its
root words. The outcome resulted in the decreasing the length of vocabulary. A list
of frequently occurring suffixes with their approximated frequencies have been shown.
Besides, it has been demonstrated by an example that how inflectional forms have
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been reduced to its respective root word after suffix removal. Another characteristic of
Gujarati news articles is the single-letter words. A list has been prepared of single-letter
words those occurs very frequently in Gujarati news articles.

The set of experiments have been performed for observing the influence of inflec-
tional words and single-letter words on the inference time, topic size and average word
length of topics. The outcomes of the experiments uncovered the fact that inference
time decreases if the length of the vocabulary decreases. The length of vocabulary
was decreased by reducing the inflectional forms to root words and also by eliminating
single-letter words from the collection. It also could be found out that topic coherence
improved after inflectional forms reduction and single-letter word removal. Overall it
has achieved two points, better semantic coherence and less posterior inference time.

The test has been implemented for inspecting the topic quality regarding topic
size and word size. Topic size can be measured as a number of tokens assigned to
top-n words in that topic, while word size is about an average number of characters
presents in the words of topics. Both metric indicates bigger is better. It has been
observed that topic size increased for both the cases, after inflectional forms reduction
and single-letter word removal. The trials for measuring the topic size were done for a
different number of topics and a different number of iterations. The word length also
has been analyzed experimentally. Outcomes suggested that word size also increased
for inflectional forms reductions and single-letter word removal.

The inflectional forms reduction has resulted in the performance improvement and
more accurate output. There might be the presence of topics in the set which make
the topic set complicate. In other words, several poor quality topics make the water
muddy. In the next chapter, the techniques have been proposed to deal with such poor
quality topics.
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CHAPTER - 6

Poor Quality Topics

6.1 Poor Quality Topics

Topic models follow the generate strategy, and their automatic evaluation might not
get aligned with human judgment [88]. Though topic models provide a sensible way to
model the topics over the set of documents. The interpretability of the model depends
upon the quality of the corpus it has been fed to [54] [60]. Though the majority of the
evaluation of topic models surrounds the perplexity, it does not reflect the accurate
semantic measurement of individual topics. The work already has been carried out to
prove that human judgment can be contrary to the perplexity measure [98].

Topic inference process ends up with a set of topics. Many of the topics are expres-
sive and valuable, fitting to a precise theme or subject, these topics are considered of
good quality. But there are some topics might be categorized as poor quality. This
subset of bad or poor quality topics causes the struggle to understand the corpus prop-
erly. They all together do not illuminate text collection properly. Before it has been
proceeded for understanding poor quality topics in detail, let’s recognize what we look
for having a ‘Good’. For example, the group of words shown in the text box is seman-
tically relevant to each other concerning the ‘Health’. The words are coherent, and
they appears together in a document about fitness or health guidelines. There are the
variety of ways a topic can be entitled as “bad”. There is no standardized method
to categorize the topic as “bad”, but it is contextual depends on the task, users, and
various other factors. Two kinds of poor quality topics have been dealt, one is identical
topics, and another is mixed topic [54].
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6.1.1 Identical Topics

There is not an uncommon issue that topic models produce several topics seem alike.
One of the important objectives of the topic models is to represent the large number
of documents with a very lessened set of topics, which will provide the overall view
of the collection. Obviously, identical set of topics does not contribute in reach out
this objective [54]. For example, Topics depicted in Table 6.1 are conveying the similar
theme. Moreover, more than 80% words on the topic are overlapping. Likewise, Table

TABLE 6.1: Identical Topics
(English Text)

Topic 1 Topic 2

Gym Fit

Guidelines Gym

Diet Excercise

Fitness Workout

Grains Doctor

Growth Grains

Doctor Diet

Yoga Growth

Exercise Gym

Weight Calorie

TABLE 6.2: Identical Topics (Gujarati Text)

Topic 3 Topic 4 Topic 5 Topic 6

અિભયાન મતદારો ગંદકી ચૂંટણી

ભારત હલેરી ઼ૠવજૠછતા રીપિમૠલકન

઼ૠવજૠછ પાટૂળૠ ગાંધીના ટંપે

અ઼ૠવજૠછતા અમે રકી સાફ-સફાઈ ડેમોગેળૠટ

આંદોલન ટરૠપ ઞીળવતાં રાહૠપિત

ઞીહેર ડેમોગેળૠ ટક દેશભરમાં ઞૂત

ઞીગૃતતા િગૠલફૠટન અિભયાનમાં અમે રકા

દેશભરમાં રપિમૠલકન સુથરા મતદાન

િમશન ઇલેગૠટોરલ અ઼ૠવજૠછતા ઉમેદવાર

ઠેરઠેર બળૠમુખપદ નાગ રક બાઞૂ

6.2 shows an example of topics inferred from Gujarati text collection. Topic 3 is about
the ’઼ૠવજૠછ ભારત અિભયાન ’ (The Clean Up India Campain) and Topic 4 is relevant
with ’અમે રકી બળૠમુખપદ માટેની ચૂંટણી’ (United States presidential election, 2016). It can
be observed that Topic 3 and Topic 5 are looking almost similar, while Topic 4 get
aligned with Topic 6 semantically.

In order to consider the point, the question can be posed that are topics easily
distinguishable from each other. In other words, if topics get overlapped with each
other either wholly or partially, regarding words they contain, they might be found
indistinguishable. The interpretability of the topic models could be improved by getting
rid of identical or duplicate topics. Algorithm 5 shows the procedure for the eradication
of identical topics from the set of topics. Algorithm 5 checks each topic of the topic set
for eliminating identical topics. The words of each topic are matched against words of
every other topic in the set. The words of the particular topics get matched against
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Algorithm 5 Algorithm - Deduplicate Topic Set
Input: topicSet <> // Set of K topics

minDupThresh // Minimun(%)identicality threshold
Output: deDupTopicSet <> // Set of t distinguishable topics t ≤ k

commonWords[ ] // A list of words which contains matching words from two other lists
for Each topic ki=1...K in topicSet <> do

for Each Topic k′
j=1...K in topicSet <> do

// Index indicates topic number in set
if Index(k) ̸= Index(k’) then

commonWords[ ]← k ∩ k′;
if (Length(commonWords[ ]) ≥ Length(k)×minDupThresh AND index
not in dupTopicIndex[ ]) then

// saves index of duplicate topics
dupTopicIndex[ ]← Index(k′);

end
end

end
end
// create set of duplicates topics
dupTopicSet <> ← topics with index in dupTopicIndex[ ]

// set difference of topic set and duplicate topic set
deDupTopicSet <>← topicSet <> \ dupTopicSet <>

the words of topics of collection one by one. At a time, words matching takes place
between any two topics only. The proportion of matching can be set manually. For
example, if 70% of the words are exactly same, then those two particular topics are to
be considered as identical topics. The matching threshold is user-defined. Typically,
to establish similarity between two topics, they must have the majority of the words
common.

It has been provided that topics are stored in the topic file. Each line represents a
topic in the topic file. It has been also considered that line 1 is the topic with index
1, line 2 implies topic 2, and so on. In simple words, topic number is considered index
of the topic. When a topic finds overlapping words with the words of another topic, it
stores the index value of all those topics. It is necessary to mention here at this point
that topic does not match the words with words of its own. Otherwise, each topic find
the complete matching.

The index values represents all topics which are identical with other topics in the
set. These topics are eliminated and it leaves the non redundant topic set. The distance
between the words of two topics goes wider after elimination of identical topics. As
there are |K| topics and each topic matches with every other topics except itself.
Hence, the time complexity of Algorithm 5 is O(|K|2–K) . It can be further optimized
to K logK by approaching the group of topics at a time.
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6.1.2 Mixed Topic

A mix topic is the composition of two different concepts. They are not semantically
coherent as a whole, but if words are bifurcated in subsets, they make sense to the user.
Let’s assume a set of words S = w1, w2, . . . , wn. If one tries to interpret in the context
of one of the concept or theme, they do not make sense. Instead, words are divided
into two separate subsets S1, S2, they are meaningful in own context. For illustration,
words shown below are not expressive jointly. Table 6.3 displays two topics with top-10
words. The ’Topic 7’ does not make sense as a whole. But if the words are divided into
two half, five words each, then they make some semantic sense to the reader. It can
be mentioned semantically that first five words are about the ’Election’ and second
five words are about ’Stock Market’. Similarly, the ’Topic 8’ is about ’Science’ and
’Sport’ if the words are divided into two halves. The mix topic does not have precise
separation necessarily; they might be the random mixture of two themes as shown in
Table 6.4. Table 6.4 showed ’Topic 9’ and ’Topic 10’, which are the mixture of topics
without clear parting between the subjects.

TABLE 6.3: Mix topic
Precise separation
(English text)

Topic 7 Topic 8

Election Energy

Leadership Galaxy

Congress Earth

Lobbyist Force

Electoral Explosion

NYSE Championship

Predict Basketball

NASDEQ Football

Profitability Point

Peak Match

TABLE 6.4: Mix topic
Words interleaved
(English text)

Topic 9 Topic 10

NASDEQ Energy

Leadership Basketball

Congress Earth

Peak Point

Electoral Explosion

NYSE Championship

Predict Galaxy

Election Football

Profitability Force

Lobbyist Match

Tables 6.5 and 6.6 depicts the example of disjointed Gujarati mix topic and mixture
Gujarati topics respectively. The ’Topic 11’ mixes two subjects, ‘રોડ અક઼ૠમાત’ and
‘મોબાઈલ ઊઅટરનેટ’ . Similarly, the ’Topic 12’ is about the combination of ‘બૉઅક’ and
‘આઈપીએલ’. Table 6.6 is blending of words of two topics, unlike clear-cut borderline
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parting.

TABLE 6.5: Mix topic
Precise separation
(Gujarati text)

Topic 11 Topic 12

ગંભીર નાણાં

હાલત કર

ટગૠર ઼ૠકીમ

અક઼ૠમાત બૉઅક

મોત ળૄિપયા

ડેટા મેચ

આઈઓએસ આઈપીએલ

ચેટ ઞૂત

ઓફર બળૠીિમયર

ભળૠી લીગ

TABLE 6.6: Mix topic
Words interleaved
(Gujarati text)

Topic 13 Topic 14

ગંભીર આઈપીએલ

હાલત કર

આઈઓએસ નાણાં

અક઼ૠમાત ઞૂત

ચેટ બળૠીિમયર

ટગૠર ઼ૠકીમ

ઓફર બૉઅક

ભળૠી ળૄિપયા

મોત લીગ

ડેટા મેચ

Algorithm 6 shows the process of transformation of ’Mix’ topics to ’Good’ quality
topics. In this technique, Mixed topic is transformed either to one of the concepts
represented by mixed topic. Algorithm 6 works on topic set topic by topic. The words
of each topic are matched with reference set. If matches occur between 40% and 60%
inclusively, then the topic is considered for the further match. It goes further for
matching another theme in the reference set. A variable keeps the track for the topic
which has got already one match in the reference corpus for the mentioned proportion
of the words of the specific topic. If the same topic finds another match, then that
particular topic is considered as mix topic. Once it gets two matches from the reference
corpus, then further matching is discontinued. The index of that specific topic which
has gained paired with two distinct aspects from the reference corpus. The process
would be iterated for each topic in the set and index is saved for all topics with two
matches. There are |K| topics and |D| documents in relevant set. Algorithm 6 searches
for two relevant documents those having words similar to around half of the words of
a topic. A topic has to be checked against all documents of the relevant word set.
Therefore, the running time complexity can be defined as O(|K| · |D|).

Once have determined the indexes of mix topics, all those topic would be trans-
formed to one of the specific aspects. Algorithm 6 does not restrict to have certain
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Algorithm 6 Mixed Topics Transformation
Input: topicSet <> // set of K topics

relevantWordSet <> // Set of d documents with semantically relevant words
topicLength // Top N words of topic
Range // Range % of matching

Output: unMixedTopicSet <>
for Each topic ki=1...Kin topicSet <> do

counter ← 0
for Each document dr=1...Din relevantWordSet <> do

// store matching words between a topic and a relevant document
commonWords[ ]← Tokenize[ki] ∩ Tokenize[dr]

len = Length(commonWords[ ] // length
perMatch← (len÷ topicLength)× 100 // % of match
if (perMatch ∈ Range) then

counter ← counter + 1
Continue
if (counter == 2) then

// store index value of mix topic
mixTopicIndex[ ]← Index[ki]

// store index value of relevant document
relDocIndex[ ]← Index[dr]
Break

end
end

end
end
for Each topic ki=1...K in topicSet <> do

if (Index[ki] in mixTopicIndex[ ]) then
// replace mixed topic by one of precise topic
Replace topic ki in topicSet <> by dr from relevantWordSet <>

end
end

words with precise separation. It has been explained with an example in Table 6.6 that
words might have been blended in the topic.

6.2 Experimental setup

The collection of Gujarati newspaper archives was built. As the corpora were not
readily available for Gujarati text, It was created by extracted and composed. As the
objective of the experiment is to model topics on textual data only, The articles were
converted to the text file by removing all images interleaved in it. Even though, there
was the existence of a lot of noisy data in the text corpus. Therefore, preprocessing
has played a major role.
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6.2.1 Distance Measurement Techniques

The comparison has been carried out for the varying number of topics. The experiment
has been performed with topics files, first with the obvious outcome of the topic model
and then with eliminated identical topics. The distance measurement methods have
been considered to measures the overall distance among the topics. There have been
used three distance measurement techniques as described below.

Cosine Similarity Measure

Cosine similarity is most generally utilized as a part of high-dimensional positive spaces.
For instance, in dimensionality reduction, each token is assigned to a different dimen-
sion, the document is characterized by a vector where the value of each dimension
corresponds to the number of times that term appears in the document. Cosine sim-
ilarity provides the helpful measure how similar two documents are concerning their
vector of words [99]. For the topic modeling, it calculates how similar each pair of an
individual topic among the set of topics. Indirectly, it figures out overall similarity
index of the topic model. The field of Information retrieval, more specifically text
mining, uses cosine similarity to find the degree of matching between two set of text.
On the other hand, it is used to find the cohesion within the clusters [100] in the data
mining.

Given the two vector of words, a and b, cosine similarity, Cos(θ), can be measured
using dot product and magnitude as,

Cos(θ) =
a · b

∥a∥2∥b∥2

=

n∑
i=1

aibi√
n∑

i=1

a2i

√
n∑

i=1

b2i

(6.1)

The similarity values range from -1 to 1. -1 indicates vectors are opposite of each
other, while 1 represents vectors are the same. On the same line, 0 specifies there is
no relation can be established. Cosine distance is the complement of the similarity
among the topics. In the text analysis, the vectors are the term frequency-inverse
document frequency (tf-idf), of the respective documents. As the td-idf value never can
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be negative, the index of similarity of dissimilarity ranges from 0 to 1. Topic modeling
represents topic as a probability distribution over the vocabulary, and each dimension
is the word with frequencies in that specific topic. In case, one wants to measure the
dissimilarity between two documents; it can be measured by cosine distance. It is the
complement of cosine similarity.
Cosine distance = 1 – cosine similarity

Euclidean distance

Euclidean distance is the most commonly-used of our distance measures. For this
reason, Euclidean distance is often just to mentioned as “distance”. When data is dense
or continuous, this is the best proximity measure. The Euclidean distance between two
points is the length of the path connecting them.This distance between two points is
given by the Pythagorean theorem. The Euclidean distance between two vectors a and
b of n dimensions can be measured as,

E(a, b) =
√

(a1 − b1)2 + (a2 − b2)2 + · · ·+ (an − bn)2

E(a, b) =

√√√√ n∑
i=1

(ai − bi)2
(6.2)

The position of points in the n-dimensional Euclidean is a vector. With the analogy of
topic model, it poses topic as a vector of words. The Topic has words as dimensions.
the top-n words are considered to compute the distance between two topics. Also, This
could be measured for each pair of topics and averaged. The position of points in the
n-dimensional Euclidean is a vector. With the analogy of topic model, it poses topic
as a vector of words. The Topic has words as dimensions. The top-n words are be
considered to compute the distance between two topics. Also, This could be measured
for each pair of topics and averaged.

Jaccard Similarity

The Jaccard similarity measures the similarity between finite sample sets and is defined
as the cardinality of the intersection of sets divided by the cardinality of the union of
the sample sets. Here, Cardinality of a represents the number of elements in a, denoted
by |a|. Suppose you want to find Jaccard similarity between two sets a and b. It is the
ration of the cardinality of a ∪ b and a ∩ b.
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J(a, b) = |Intersection(a, b)| / |Union(a, b)| (6.3)

Though it seems very simple, yet it is very applicable to the topic modeling. It fetches
out the common terms between two topics, and also the entire distinct terms. It takes
the ratio of common and distinct terms; the results serve as the Jaccard similarity. By
taking the complement, likewise in cosine, Jaccard distance can be measured.

6.2.2 Experimental results

The experiments have been performed for 800 Gujarati news articles on 64 bit Operat-
ing System with 3.30 GHz frequency processor and 3.7 GB of RAM. The total number
of tokens were 52,738 with 2282 distinct words. There 70 topics have been discovered
to observe the effect of removal of the identical topics. The distance has been computed
using Jaccard distance technique. The distance has been computed twice, topics before
and after mix topic transformation. The same scenario has been applied for identical
topic elimination.

The results proved that average distance between topics increases after transforma-
tion of mix topics to the specific topics. Figure 6.1a depicts the results after the mix
topic have been transformed to precise conceptual aspects. Similarly, elimination of
identical topics from the set also caused an increase in distance value between topics.
Figure 6.1b reflects the outcomes of the technique applied to getting rid of similar top-
ics. The average similarity between topics can be understood as same words appear in
top words of the topics. It indicates that overall similarity of the topic model decreases
as mix topics have been transformed into the precise topics. Likewise, the identical
topics have been filtered from the set of topics. The method has been implemented in
python with the help SciKit learn1 API [101].

To test that topic is of the mixed category or not, the matching words proportion
has been considered between 40% and 60%. In simple words, if words are the mixture
of two subjects in the mentioned proportion, then the topic has been categorized as mix
topic. The portion also could have been set to 50% for checking both of the mixtures.
Likewise, for identical topic examination, the similarity threshold has been set to 70%.
Again, the threshold proportion could have been set to more than 70% to check very
similar topics presence in the topic set. There might be more or less variation in the

1http://scikit-learn.org/stable/modules/generated/sklearn.metrics.pairwise.
pairwise_distances.html
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outcomes, depends on the inferred topics.

(a) Mix topic (b) Identical topic

FIGURE 6.1: Mix - identical distance measure

Next, The distance has been computed after executing both the steps. First mix
topics have been transformed and then identical topics have been eliminated. Figure
6.2a shows that discrimination became more wider. It can be justified as each topic is
now more identifiable and distinguishable from all other topics. To have the complete
view of the differentiability before and after execution of both the techniques, the
distance has been computed as depicted in figure 6.2b

(a) Mix and Identical topics exclusion (b) Distance measure before/after topic exclusion

FIGURE 6.2: Mix - identical distance measure both

Consequently, the semantic coherence of topics has been calculated for checking
the effectiveness of poor quality topic deduction techniques. Again, PMI and NPMI
methods compute the semantic topic coherence. The mix topic transformation resulted
in the rise of semantic coherence for both of the methods as shown in Figure 6.3a.
The same phenomena have been followed by the results of identical topic elimination
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as depicted in Figure 6.3b. By the outcomes, it has been observed the coherence
increased comparatively more after identical topic elimination then that of mix topic
transformation.

(a) Semantic Coherence after Mix topic Transfor-
mation

(b) Semantic Coherence after Identical Topic
Elimination

FIGURE 6.3: Semantic Coherence after poor quality topic removal

6.3 Chapter summary

In this chapter, the techniques for eliminating poor quality topics for improving the
semantic coherence of the topic model have been introduced. Identical topics and mix
topics were considered as weak quality topics. The experiment has been carried out to
get rid of identical topics and mix topics from the set, such that topics could be made
distinguishable from each other. Moreover, mix topics also have been transformed into
one of the major themes. The distance measurement techniques have been applied for
checking the degree of distinguishability. The experiment’s outcome proved that topics
became more discriminate from each other after discarding identical topics and mix
topics automatically from the set. The result uncovered the fact topic model semantic
coherence increases after elimination of identical topics and mix topics. Furthermore,
the distance between topics got wider after removal of mix topics, and it increased even
more after mixed topics transformation.
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CHAPTER - 7

Conclusion

In this chapter, the examination undertaking and discoveries have been omentioned in
this thesis initially. Next it has been talked about the more extensive ramifications of
our exploration and return to the subject of our proposal to examine our accomplish-
ments. Finally, the future work has been put forwarded.

In chapter 2, the detailed review of the literature about the topic modeling technique
and LDA extensions in were offered. It was started with the sophisticated topic mod-
eling techniques, which presented the applications of LDA for various datasets. The
association of outcomes of the experiments across the variety of domains explained the
strength of topic modeling techniques. Moreover, LDA techniques for topic modeling
over different dialects were proposed. The multilingual point showing strategies of-
fered the ways how mapping should be done between topics discovered in two distinct
dialects. It likewise uncovered that how language information can be consolidated for
better disclosure of topics. Topic modeling techniques also recommended for applying
over short text, in which a document does not surpass a specific number of characters
to have in it. It also threw lights on how topic modeling techniques could be applied in
a distributed environment. The work carried out by researchers for evaluating the topic
models also were highlighted. Numerous evaluation techniques explained the measure
of goodness of an individual topic and the entire topic model.

Chapter 3 narrated the details on how LDA generative algorithm works to model
topics over the text collection. Initially, the generative story of LDA with illustration
was clarified. The discrimination of statistical inference procedure from the LDA gen-
erative method for the documents was described. A pragmatic for deducing posterior
distribution given the prior distribution of the variables named Markov Chain Monte
Carlo technique was pointed out. Gibbs sampling technique is applied to posterior
inference. First, the Gibbs sampling statistical inference technique concerning the hy-
perparameters, observed variables, and hidden variables was explained. It actually
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Chapter summary

emphasized on how topic assignment is done over the iterations of Gibbs sampling
inference technique. As a final point, the whole technique elucidated through example.
It has also been tried to trace the intermediary values of the variables.

Chapter 4 has covered with one of the significant contributions of this work. The
method for optimizing semantic coherence of topic model has been proposed. The ar-
chitecture composed of different components including preprocessing has been designed.
The complete workflow has been depicted also, which emphasized on a stepwise work-
ing of the individual components of the structure. It was depicted that the relevant
word corpus which is profoundly involved in semantic coherence optimization process
for replacing low probable words with more relevant words. The experiment for 70
topic inference was carried out. There were two methods for semantic coherence mea-
surement, NPMI, and PMI considered. The coherence optimization techniques resulted
in growth in the semantic coherence of the topic model.

Chapter 5 was begun by introducing a couple of language features of Gujarati text.
First, Gujarati words have a high number of inflectional forms. In straightforward
words, a base word produces inflectional words by appending suffixes. Second is about
single-letter words which are not part of stop words, but they occur litter more fre-
quently than other words. The technique to reduce inflectional forms to its root words
was applied. The procedures to get rid off both the issues, reducing inflectional forms
and removing single-letter words were implemented. To observe the impact of inflec-
tional words reduction and single-letter words removal on inference time and topic
quality, several tests have been run. The outcomes of the experiments supported that
inference time can be curtailed by shortening the length of the vocabulary. It cleared
indicated that vocabulary plays a crucial role which reassigning the topic to a word
is being carried out. The result also exposed that topic quality gets improved after
applying both of the scenarios. The tests for computing the topic size were performed
for a different number of topics and a different number of iterations to conclude it more
concretely.

In chapter 6, the techniques for eliminating poor quality topics to improve the se-
mantic coherence of the topic model were introduced. To measure the distance between
each pair of topics and to compute the average of them, Jaccard distance method has
was introduced. The results evidenced that topics became more discriminate from each
other after discarding identical topics and mix topics from the set. It also came to be
known that semantic coherence increased after eradication of identical topics and mix
topics. The distance was increased after transformation of mix topics. Furthermore,
after took out same topics leaving one of them in the set, the distance was increased
even more. In the end, the distance measurement compared by considering each case
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separately and combining them all.

7.1 Limitations

The research work presented in this thesis imposes a few limitations.

The inflectional forms were reduced to decrease the length of vocabulary to have
inference process taking less time. The list of suffixes was formed for words to get con-
sidered as inflectional words. Though the majority of inflectional words were reduced to
root words, It did not look for reducing those inflectional words which were inflectional
words actually but did not have any suffix from the list of predecided suffixes.

Furthermore, There were words which have the same meaning but slight difference
in Gujarati spelling. Such words for were not taken into account for reduction. For
example, ’ઙળૠાઉફૠડ’ and ’ઙળૠાઋઅડ’, ’પગલુ’ં and ’પગલ’ુ can be used interchangeably. Ad-
ditionally, both word’s meaning is exactly same as far as Gujarati news articles are
concerned. On a large scale, this type of words consequences into the making length
of the vocabulary larger.

7.2 Future directions

There are several features can be put forward for the future research tasks relevant
to this work. Future research could be taken with a specific end goal to address the
limitations narrated in the previous section.

In chapter 4, the semantic coherence optimization technique using relevant word
set was proposed. The evidence proved that semantic coherence increases after low
probable and irrelevant words replacement. The research work is required for taking
low probable words coming from more than a single subject or topic. In the proposed
method, the topic was left undisturbed if low probable words come from more than
one topic. If one achieves this objective resolved, semantic coherence will be increased
even more.

In chapter 5, A suffix list was prepared to reduce inflectional words to the root
word. It lessened the length of the vocabulary, as so posterior inference time. Reseach
work can be carried forward on this path, and there is a room for decreasing the size
of vocabulary if inflectional form reduction method can be strengthened. One can look
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Future directions

forward to incorporating advance linguistic characteristics. Research work can be done
for designing advanced techniques for lemmatizing Gujarati text. Furthermore, there
are exceptional cases of inflectional words, such as described as one of the limitations,
can be approached to diminish the length of the vocabulary.

In chapter 6, the technique was proposed to transform the mix topic to a precise
conceptual topic. The results of the test showed that the distinguishability rises be-
tween the topics of topic model. Mix topic can also be transformed to one of the
specific subject based on the proportion of the subjects the topic composed of. A topic
as a mixture of two aspects was considered as the mix topic. Instead of that, one can
extend it for considering the composition of three aspects.

Gujarati Part-of-Speech(POS) can be introduced to model the topics based on the
class of Gujarati words. For instance, one wish to model the topics on verb part of
Gujarati news articles. The research work can also be expanded for different domains.
The topic model achieves better semantic coherence using specific Part-of-Speech tag-
ging [102–105].

Information retrieval research work also can be supported by finding and arranging
named entity into pre-defined categories such as location, person, organization, quan-
tifiers, or financial terms. Named Entity Recognition(NER) could be another research
wing to model the topic of Gujarat text collection [106–109]. A research scholar can
establish the relationship between the text articles or documents based on the named
entity presents in them. The Gujarati news articles corpus can be understood and
analyzed with respect to the name of person and profession that person belongs to.
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Appendix-A

The statistical inference process for the topic discovery has been demonstrated through
the example. Though the example covered significant intermediate steps, it did not
include the computation for assigning the new topic to the specific word. Moreover, the
example traced English text. In this appendix, it has been covered an detail illustration
concerning Gujarati text. The tracing has been performed to illuminate how likelihood
of each word is tested for every topic.

The process of statistical inference starts with random assignment. The statisti-
cal inference for text summarization iterates for hundreds of times to converge. For
simplicity, There have been considered three iterations. There are three documents
with 6 , 6 and 4 words respectively. The statistical process targets two topics to infer.
Initially, words are allocated topics at random. Next it considers first word of the
first document for the examination of likelihood of topics for that specific word. It
checks the probability of ’Topic 0’ and ’Topic 1’ both. The likelihood for both of the
topic has been stored in variable ’Rank’. All topic’s rank are summed. The total value
is normalized between 0 and 1 using random number generation. Then new topic is
sampled by subtracting every topic rank value one by one. It breaks when the value
of ’round’ variable goes below some threshold value, say ’0’. At that time, another
variable ’i’, gets iterated in parallel. The new topic would be the value of the variable
’i’. Furthermore, the process would be repeated as many times as number of iterations.

After iterating over all words of all documents, the words finds the topic assignments
finally. It might converge completely or partially depending upon the number of words
in the document, number of documents in the collection, the number of distinct words
in the corpus and number of iterations. The complete process have been depicted in
Figures 1 and 2. The ’Topic 1’ has been highlighted little dark and can be labeled
as ‘મતદાન’. Likewise ’Topic 0’ can be labeled as ‘રમત ગમત. It is observable that the
word‘નેતૃદૠવ’ could have been assigned to any of the topics, though it has been assigned
to ’Topic 1’ in this example.
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FIGURE 1: Statistical Inference Tracing(1)
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FIGURE 2: Statistical Inference Tracing(2)
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