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ABSTRACT 
 
Topic Modelling, a discipline of Natural Language Processing, is widely prevalent and its 

application on social network communications has become essential in identifying key themes 

impacting society. In this dissertation titled- “Exploring the space of Topic Modelling and Topic 

Coherence on short and long text corpora” a comparative study of topic modelling algorithms is 

presented including LDA (Latent Dirichlet Allocation), LSA(Latent Semantic Analysis), 

NMF(Non Negative Matrix Factorization) ,BTM(Biterm Topic Modelling). Algorithms are 

applied on Zomato and Ovarian Cancer Tweets extracted from Twitter and on Amazon Food 

Reviews. Six robust performance metrics are used for comparative purposes using the online 

Palmetto tool. The results obtained reveal that all models have strong potential for topic 

modelling. BTM performed the best in detecting more coherent topics on short texts measured 

across the six coherence metrics, whereas LDA outperformed on long texts. NMF outperforms 

other algorithms in terms of execution time. 
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Chapter 1- Introduction 

1.1 Business Importance 

 

The business of delivering restaurant meals to the home is undergoing rapid change as new 

online platforms race to capture markets and customers across the world. It‟s great to get your 

favourite meal delivered at your doorstep with an effort of just few clicks on a food delivery app. 

Food apps like Zomato provide a section where user can rate their experience of the restaurant or 

cafe. However, most people don‟t read the reviews and just rely on the business ratings which 

can be biased. 

 

Natural language processing and topic modelling are playing an increasingly important role in 

making educated decisions on marketing strategies and giving valuable feedback on products and 

services. People share their precious views, experiences, unbiased opinions on social sites so that 

others can get benefit from these. One important category is data from websites and social 

networks (Facebook, Twitter, YouTube, blogs, etc.). They are a source of immense knowledge 

about customer needs and behaviors and are crucial to customer relation management. Data 

sourced from social media, when processed using complex machine learning methods, provides 

feedback to businesses about how customers perceive their products and services and can help 

the business to grow by helping them take the right decisions based on the feedback. 

 

On the other hand, ovarian cancer is a cancer that forms in or on an ovary. When this process 

begins, there may be no or only vague symptoms. Symptoms become more noticeable as the 

cancer progresses. Among women it is the seventh-most common cancer and the eighth-most 

common cause of death from cancer. Death from ovarian cancer is more common in North 

America and Europe than in Africa and Asia. So there is a need to spread more awareness about 

this disease especially in African and Asian countries. Therefore, by topic modelling on twitter 

data, one can extract what people are talking about on the web related to ovarian cancer and 

hence spread more awareness in people by summarizing the results through blogs etc. 

 

1.2 Understanding Topic Modelling 
 
Topic modelling is a frequently used text-mining tool for discovery of hidden semantic structures 

in a text body. Intuitively, given that a document is about a particular topic, one would expect 

particular words to appear in the document more or less frequently. For example "dog" and 

"bone" will appear more often in documents about dogs, "cat" and "meow" will appear in 

documents about cats, and "the" and "is" will appear equally in both. A document typically 

concerns multiple topics in different proportions; thus, in a document that is 10% about cats and 

90% about dogs, there would probably be about 9 times more dog words than cat words. The 

"topics" produced by topic modelling techniques are clusters of similar words. A topic model 
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captures this intuition in a mathematical framework, which allows examining a set of documents 

and discovering, based on the statistics of the words in each topic, what the topics might be and 

what each document's balance of topics is. 

 

To elaborate, topic modelling algorithms are used to discover a set of hidden topics in collections 

of documents, where a topic is represented as a distribution over words. Topic model provides an 

interpretable low-dimensional representation of documents (i.e., with a limited and manageable 

number of topics). Topic modeling represents each document as a complex combination of 

multiple topics and each topic as a complex combination of multiple words (refer Figure 1.1). It 

is also used as text mining tool to classify documents based on topic inference results. 

 

 

 
Figure 1.1: A schematic diagram for topic modelling 

Source: https://www.analyticsvidhya.com/blog/2018/10/stepwise-guide-topic-modeling-latent-

semantic-analysis/ 

 

 

https://www.analyticsvidhya.com/blog/2018/10/stepwise-guide-topic-modeling-latent-semantic-analysis/
https://www.analyticsvidhya.com/blog/2018/10/stepwise-guide-topic-modeling-latent-semantic-analysis/
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1.3 Research Problem 

In this age of information, there is a very large volume of written material circulated for 

consumption every day.  Topic models can help to organize and discover the key dimensions and 

themes hidden in the unstructured text. Topic modelling also plays an important role for 

businesses needing to react in a timely manner and proactively in a fast-moving world.  

 

Research Question:  

 

How effective is topic modelling in identifying important themes in different length text corpora: 

Comparative study of four selected algorithms using six key coherence performance metrics. 

 

Aim 

 

The aim set for this study is to accurately identify coherent topics from the short text Zomato 

corpus and longer text Amazon corpus to aid managerial decisions. 
 

Objective  

 

Four topic modelling algorithms will be applied including LDA (Latent Dirichlet Allocation), 

LSA (Latent Semantic Analysis), NMF (Non Negative Matrix Factorization) and BTM (Biterm 

Topic Modelling).Six coherence metrics namely CV, CP , CUCI, CUMass , CNPMI , CA. will be applied 

for the purpose of the comparative study. The size of the training dataset will also be explored. 

Hypothesis 

BTM will outperform the more traditional LDA and other topic modelling algorithms on the 

short text. The other algorithms will outperform BTM on the longer text corpus. 

1.4 Scope  
 

The algorithms applied include LDA (Latent Dirichlet Allocation), LSA (Latent Semantic 

Analysis), NMF (Non Negative Matrix Factorization) with a short text topic modelling algorithm 

BTM (Biterm Topic Modelling). The size of datasets extracted from Twitter was limited to 

34,225 for Zomato corpus and 37,291 for Ovarian Cancer corpus. 

 

1.5 Limitations  

 

The computational power and memory available to perform the experiments of this study were 

limited to that available on Google Colaboratory (12 GB RAM and 25 GB HDD). Also, the size 
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of datasets extracted from Twitter was limited to 34,225 tweets for Zomato corpus and 37,291 

tweets for Ovarian Cancer corpus 

 

1.6 Dissertation Roadmap  

To create a strategic plan for implementing the dissertation project, the following roadmap is used. 

 

Figure 1.2: Dissertation Roadmap 
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Chapter 2 – Literature Review 
 

Topic modeling helps to discover the key themes present in the text. The current research done 

on topic modelling is to investigate and identify the best topic modelling algorithm for detecting 

coherent and semantically interpretable topics. It is a difficult task to conclude which are the best 

models as the results vary on the length, volume of data and evaluation metrics. To better 

understand the theories and concepts required for topic modelling, the following research 

journals were referred. 

 

In one of the recent studies carried out by (Suhyeon, Park, & Lee 2019), they proposed a new 

topic modeling method called Word2vec-based Latent Semantic Analysis (W2V-LSA), which is 

based on Word2vec and Spherical k-means clustering to better capture and represent the context 

of a corpus. They used W2V-LSA to perform an annual trend analysis of blockchain research by 

country and time for 231 abstracts of blockchain related papers. The performance of the 

proposed algorithm was compared to Probabilistic LSA. The experimental results confirmed the 

usefulness of W2V-LSA in terms of the accuracy and diversity of topics by quantitative and 

qualitative evaluation. 

Topic modeling over short texts is an increasingly important task due to the prevalence of short 

texts on the web. Compared with normal texts, short texts bring severe sparsity problems for 

conventional topic models. (Cheng et al., 2014), proposed a novel topic model for general short 

texts, namely the biterm topic model. BTM can well capture the topics within short texts by 

explicitly modeling word co-occurrence patterns in the whole corpus. Besides, they also 

introduced two online algorithms for BTM, which are efficient to handle large scale data sets. 

Experimental results on real-world short text data sets showed that BTM can learn higher quality 

topics, and better infer the documents topic proportions than LDA and LDA-U. 

Research on feature selection was carried by (Mejova et al., 2009), where they proposed that we 

can use presence of each character, frequency of occurrence of each character, word which is 

considered as negation etc. as feature for creating feature vectors .Unigrams, bigrams and n-

grams models with their frequency counts were also considered as features.  

 

(Rehurek & Sojka, 2010), Latent Semantic Analysis, LSA was developed in late 80‟s in Bell 

Laboratories by (Deerwester et al., 1990). This method gained popularity due to its solid 

theoretical background and efficient inference of topics. The method exploits co occurrence 

between terms to project documents into a low dimensional space. Inference is done using linear 

algebra routines for truncated Singular Value Decomposition (SVD) on the sparse term-

document matrix, which is usually first weighted by some TF-IDF scheme. Once the SVD has 

been completed, it can be used to project new documents into the latent space, in a process called 

folding-in. 
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(Islam, T., 2019), In this work, the author explored Twitter health-related data, and inferred 

topics using different topic modeling algorithms (i.e. LSA, NMF, LDA).The best results were 

given by LDA.  

(Sokolova et.al, 2016), In this study, the researchers summarized the message content of four 

data sets of Twitter messages related to challenging social events in Kenya using Latent Dirichlet 

Allocation (LDA). In their study they used two evaluation measures; Normalized Mutual 

Information (NMI) and topic coherence analysis, to select the best LDA models. The obtained 

LDA results showed that it can be effectively used to extract discussion topics and summarize 

them for further manual analysis.  

One of the other traditional algorithms used for topic modelling is LDA. It is another topic 

modelling technique based on the bag-of-words paradigm and word-document counts. Unlike 

Latent Semantic Analysis, LDA is a fully generative model where documents are assumed to 

have been generated according to a per-document topic distribution (with a Dirichlet prior) and 

per-topic word distribution. (Rehurek & Sojka, 2010) 

 

(Cutugno et al., 2015), In this work, the authors aimed at evaluating and comparing two 

different frameworks for unsupervised topic modelling. LDA was chosen as a baseline for 

comparison. The second framework employed was Word2Vec technique to learn the word vector 

representations, to be later used to topic model the data. Compared to the previously defined 

LDA baseline, the results showed that the use of Word2Vec word embeddings significantly 

improved topic modelling performance, but only when an accurate and task oriented linguistic 

pre-processing step was carried out. 

 

(Sapul, Aung & Jiamthapthaksin, 2017), compared the k-means, CLOPE clustering and LDA 

topic modelling algorithms in discovering trending topics in tweets on APEC (Asia Pacific 

Economic Cooperation. They considered three training data feature sets: hashtags, keywords and 

keywords + hashtags in this study. Their proposed methodology proved that CLOPE can also be 

used in a non-transactional database like Twitter data set to answer the trending topic discovery 

and could provide more topic patterns than k-means and LDA. 

In the work done by (Zhao, Zuo & Xu, 2016), they present a model to tackle the sparsity and 

imbalance simultaneously. Different from previous approaches, WNTM models the distribution 

over topics for each word instead of learning topics for each document, which successfully 

enhances the semantic density of data space without importing too much time or space 

complexity. Extensive validations on both short and normal texts testified the outperformance of 

WNTM as compared to baseline methods of BTM and LDA. 
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(Sievert & Shirley, 2014), introduced LDAvis as an interactive visualization system using LDA 

that is capable of providing a global view of the topics, and has a flexible feature for exploring 

relationship between topics and terms and obtain better understanding from a fitted LDA model.  

 

(He, Du & Zhang, 2018), In this paper, the author presents a novel model for short texts, 

referred as topic trend detection (TTD) model. Based on an optimized topic model proposed, 

TTD model derives more typical terms and item sets to represent topics of short texts and 

improves the coherence of topic representations. Ultimately, the authors extend the topic item 

sets obtained from the optimized topic model by vector space representations of words to detect 

topic trends. Through extensive experiments on several real-world short text collections in Sina 

Microblog, the results showed that their method achieved comparable topic representations than 

state-of-the-art models such as DMM, measured by topic coherence, and then showed its 

application in identifying topic trends in Sina Microblog. 

 

In the work carried out by (Roder, Both & Hinneburg, 2013),  they proposed a framework that 

allowed to construct existing word based coherence measures as well as new ones by combining 

elementary components. They conducted a systematic search of the space of coherence measures 

using all publicly available topic relevance data for evaluation. Their results showed that new 

combinations of components outperform existing measures with respect to correlation to human 

ratings.  

 

(Newman et al., 2010), represented topics by sets of top words and asked humans to rate these 

sets as good, neutral or bad. Several automatic topic ranking methods that measure topic 

coherence were evaluated by comparison to these human ratings. The evaluated topic coherence 

measures take the set of N top words of a topic and sum a confirmation measure over all word 

pairs. A confirmation measure depends on a single pair of top words. Several confirmation 

measures were evaluated including PMI, which was the best with respect to correlation with 

human ratings.  

 

(Moody, C., 2016),  presented a deep learning based word embeddings model LDA2Vec , which 

discovered the salient topics and learnt linear relationships between words that allowed it to 

solve word analogies in the specialized vocabulary of the corpus. In this study, topic coherence 

was calculated on CV coherence metric using an online tool called Palmetto and LDA2vec model 

outperformed LDA in identifying more coherent topics. 

In the study conducted by (Jipeng et al., 2019), they compared and evaluated various short text 

topic modeling techniques such as STTM, WNTM, GPU-DMM etc. on run time and on Purity 

and point-wise mutual information (PMI) topic coherence metric. They also compared these 

models against traditional topic modelling algorithms. The results showed that LDA and GPU-



Page 19 of 73 
 

DMM were faster than the rest of the models on run time whereas DMM based methods 

achieved the best performance on all datasets. 

 

In this study, the researcher based his research on a fairly recent study conducted by (Jipeng et 

al., 2019), where the authors compared various short text algorithms with LDA on (PMI) topic 

coherence metric. The above reviewed articles infer that compared with normal texts, short texts 

bring severe sparsity problems for conventional topic models and require short text modelling 

algorithms. Having known this, what better way to test this theory by applying different topic 

coherence metrics for evaluating short text and traditional topic modelling algorithm on both 

short and long text data. An online tool, Palmetto, is used for this research to evaluate algorithms 

on six robust coherence measures. Based on the existing research conducted in this field, the 

following models are chosen to apply for this research: 

 

 LDA (Latent Dirichlet Allocation) 

 LSA (Latent Semantic Analysis) 

 BTM (Biterm Topic Modelling) 

 NMF (Non negative matrix factorization) 
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Chapter 3 – Research Methodology  
 
CRISP-DM (Cross-Industry Standard Process for Data Mining) methodology was used to 

conduct this research. This methodology provides a structure for the research that aids better and 

faster results. The CRISP-DM methodology organizes the research into six phases, these phases 

help better understand the process and provide a road map to follow when planning and carrying 

out the research. The figure below shows the six phases of the CRISP-DM model. 

 

 
 

Figure 3.1: CRISP-DM Methodology 

The arrows show the flow of the process and the frequent dependencies between the phases.  
Each of the phases of the CRISP-DM model will be approached in detail with respect to this 

research. The CRISP-DM model implemented in this research is presented below. 
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3.1. Business Understanding 
 
The first and most important phase of this research project was the Business Understanding. This 

phase aimed at understanding the project objectives from a business perspective and converting 

this business perspective into a research problem definition and then a plan to achieve these 

objectives was created. The aim of this research is to identify meaningful and coherent topics 

from data on Twitter and on Amazon Food reviews to aid managerial decisions. To achieve this 

different topic modelling algorithms were applied. This study was conducted to answer the 

research question “How effective is topic modelling in identifying important themes in different 

length text corpora”. 

 

  

 

 

Figure 3.2. Business Use Case Logos 

Source1: https://entrackr.com/2019/08/zomato-asks-restaurants-serve-notice-before-pulling-out/ 

Source2:  https://www.morristownhamblen.com/ovarian-cancer/ 

3.2 Data Understanding 
 
The data understanding phase starts with data collection. Once the required data is acquired, the 

data is explored to identify data quality problems, if any, and insights on the data are gathered. In 

order to demonstrate that the results are dependent on length and size of text and also on domain, 

https://entrackr.com/2019/08/zomato-asks-restaurants-serve-notice-before-pulling-out/
https://www.morristownhamblen.com/ovarian-cancer/
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the researcher evaluated the algorithms on short text collections from two different domains. The 

first dataset consisted of 34,224 tweets scrapped for top food delivery vendor “Zomato” for the 

period Jan, 2019 to June, 2020 using hashtag (#Zomato).The second dataset was primarily 

involving discussions on “Ovarian Cancer” and had a dataset which accommodated a total of 

37,290 tweets on Ovarian Cancer scrapped from Twitter, using hashtag #OvarianCancer for the 

period June, 2018 to July; 2020. Additionally, the researcher compared the models for long text 

data as well, for which the researcher collected data on Amazon food reviews from an open 

source website, Kaggle, from the below mentioned link.  

 

“https://www.kaggle.com/snap/amazon-fine-food-reviews”. 

 

This dataset consisted of over 5, 00,000 food reviews, but for this study researcher took a sample 

of random 40,000 reviews from this dataset. The random sample of 40,000 was taken so as to 

have a similar dataset size as of short text dataset(s).With Python being the programming 

language of choice for most Data Scientists, libraries such as Python-Twitter and Tweepy are 

generally used as Python interfaces to the Twitter Search API in order to access the information 

from Twitter. However, this technique poses a problem. Twitter Search, and its API, does not 

provide an exhaustive source of tweets. The Twitter Streaming API places a limit of just one 

week on how far back tweets can be extracted from the current date. So in order to extract all 

historical tweets relevant to a set of search parameters for analysis, the Twitter Official API was 

bypassed and custom libraries that mimic the Twitter Search Engine were used. One of these, 

courtesy Jefferson Henrique & Dmitry Mottl is called GetOldTweets3 (GOT3).By using this 

library, one can extract historical tweets related data for any hashtags/keyword and for any date 

range. However, for the present research, only 3 fields mentioned below (ID, Date and Tweet 

Text) for each tweet were extracted: 

 

• id (str) : ID which uniquely identifies a tweet. 

• text (str): Returns the text of the tweet. 

• date (datetime) in UTC: Returns the date timestamp when the tweet was posted. 

 Below are a set of sample tweets extracted for both the datasets. 

https://www.kaggle.com/snap/amazon-fine-food-reviews
https://github.com/bear/python-twitter
https://github.com/tweepy/tweepy
https://github.com/Jefferson-Henrique
https://github.com/Mottl
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Figure 3.3. Sample  raw tweets on Zomato using hashtag #Zomato 

 

Figure 3.4. Sample raw tweets on Ovarian Cancer using hashtag #OvarianCancer  

The sample data that was subset from Amazon food reviews dataset is presented below. For this 

study, we were interested only in the ID and Text column from the dataset. 
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Figure 3.5. Sample data on Amazon Food reviews 

3.3 Data Preparation and Preprocessing  

 

The aim of data cleaning process is to remove any unwanted content from the data. Data 

cleaning simplifies the processing cost for any machine learning model. The tools used in this 

project to work with data, specifically for pre-processing, were R and Python programming.  

 

The preprocessing steps in this research are based on the previous research about Twitter 

preprocessing tasks. The preprocessing tasks carried in this research are case lowering, removing 

HTML tags and Unicode characters, removing symbols and emoticons, removing non ASCII 

characters, removing special Twitter characters, removing URLs, removing punctuations, 

removing numbers etc. English Stop words such as “is, are, am, he, she, has, its, on” etc. were 

removed as well. After removing stop words, lemmatization was also done on the cleaned text. 

Lemmatization is nothing but converting a word to its root word. For example: the lemma of the 

word „machines‟ is „machine‟. 

An R script was created to read the raw data from a CSV file and perform the above processing 

steps on them in order to clean the inappropriate data. This program can be found with the 

artifacts of this report. This script also served to remove some custom irrelvant additional stop 

words from the data. Removing them allows more specific word features to be passed into the 

machine learning models and hugely reduces the processing time and resources. When the 

cleaning of the textual data was complete, the cleaned data was stored in a new column in the 

same CSV file.  
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Further, any tweet with fewer than five words was removed. Also duplicate tweets were 

removed. After this, the tweets were tokenized and bigrams and trigrams models were built and 

finally the processed data was fed into different machine learning models. The above steps were 

implemented by writing a Python script. After all the data processing steps were done, the 

cleaned dataset consisted of 24,027 tweets on Zomato and 21,904 tweets on Ovarian Cancer. 

Below is the summary of data cleaning steps done and samples of raw and cleaned data for 

comparison. 

 

Figure 3.6: Data Cleaning- Removing Unwanted Content 
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Figure 3.7: Sample of Cleaned data after preprocessing 

3. 4 Modelling 

 
In the modelling phase, several models selected based on thorough research are applied. Each of 

models has a specific requirement on how the data must be preprocessed. This phase includes the 

selection, creation and assessments of the models. The topic modelling algorithms selected based 

on the research conducted in this field are as below: 

 

1. LDA (Latent Dirichlet Allocation) 

2. BTM (Biterm Topic Modelling) 

3. LSA (Latent Semantic Analysis) 

4. NMF (Non Negative Matrix Factorization) 

5. LDA2Vec (LDA to Vector) 
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3.4.1 LDA (Latent Dirichlet Allocation) 

 
Latent Dirichlet allocation (LDA) is a generative topic model to find latent topics in a text 

corpus. It assumes that each document contains various topics, and words in the document are 

generated from those topics. All documents contain a particular set of topics, but the proportion 

of each topic, in each document, is different. 

 

3.4.1.1 LDA Process 
 
The generative process of the LDA model can be described as follows: 

 

The boxes are “plates” representing replicates (Refer Figure 3.8). The outer plate represents 

documents, while the inner plate represents the repeated choice of topics and words within a 

document. M denotes the number of documents, N the number of words in a document: 

 

𝛼 is the parameter of the Dirichlet prior on the per-document topic distributions, 

β is the parameter of the Dirichlet prior on the per-topic word distribution, 

𝜃𝑖 is the topic distribution for document 𝑖, 

𝜑𝑘 is the word distribution for topic 𝑘, 

𝑧𝑖𝑗 is the topic for the 𝑗th word in document 𝑖, and 

𝑤𝑖𝑗 is the specific word. 

 

The 𝑤𝑖𝑗 are the only observable variables, and the other variables are latent variables. Mostly, the 

basic LDA model will be extended to a smoothed version to gain better results. 𝐾 denotes the 

number of topics considered in the model and 𝜑 is a 𝐾*𝑉 (𝑉 is the dimension of the vocabulary) 

Markov matrix (transition matrix), and each row of which denotes the words distribution of a 

topic. 

 

Documents are represented as random mixtures over latent topics, where each topic is 

characterized by a distribution over words. LDA assumes the following generative process for a 

corpus 𝑫 consisting of 𝑴 documents each of length 𝑵𝒊: 

 

1. Choose 𝜽𝒊~ 𝑫𝒊𝒓 (𝜶), where 𝒊 ∈ {𝟏, …, 𝑴} and 𝑫𝒊𝒓 (𝜶), is the Dirichlet distribution for 

parameter 𝛂 , 

 

2. Choose 𝝋𝒌~ 𝑫𝒊𝒓 (𝜷), where 𝒌 ∈ {𝟏, … , 𝑲}, 

 

3. For each of the word positions 𝒊, 𝒋 , where 𝒋 ∈ {𝟏, … , 𝑵𝒊} and 𝒊 ∈ {𝟏, … , 𝑴} 

 

(a) Choose a topic 𝒛𝒊𝒋~ 𝑴𝒖𝒍𝒕𝒊𝒏𝒐𝒎𝒊𝒂𝒍 (𝜽𝒊) , 
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(b) Choose a word  𝒘𝒊𝒋~ 𝑴𝒖𝒍𝒕𝒊𝒏𝒐𝒎𝒊𝒂𝒍 (𝝋𝒛𝒊𝒋 ), 

 

(Note: that the Multinomial distribution here refers to the Multinomial with only one trial. It is 

formally equivalent to the categorical distribution).The lengths 𝑵𝒊 are treated as independent of 

all the other data generating variables (𝑤 and 𝒛). 

 

 
 

Figure 3.8: Plate Notation of LDA Model 
 

LDA has three parameters that need to be selected in order for it to generate documents in the 

form of a collection of words (w). These parameters are: 

 

 The hyper parameters 𝛼 and 𝛽 which identify the Dirichlet priors 

 𝑘 which represent the number of topics in the corpus. 

 

A Python script was created to implement LDA modelling. Due to time and resource constraints, 

the parameters 𝛼 and 𝛽 were set to the default values. Another task was to choose the optimum 

no. of topics. This could be done by visualizing the topic coherence vs. no. of topics curve 

(higher the better) or the perplexity curve (lower the better). Below are the sample examples of 

how these plots look like. 
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Figure 3.9: Example of Coherence curves (v/s no of topics) Figure 3.10: Example of Perplexity curve (v/s no. of topics) 

 

In actual practice the curves are studied for a for large values of k (depending on size of data) 

and the optimum 𝑘 is obtained where the graph tends to converge (when there is no significant 

change). 

 

3.4.2 BTM ( Biterm Topic Modelling) 
 
Biterm topic modelling is a novel probabilistic topic model for short texts. Topics within short 

texts can be well captured by BTM as it models the co-occurrence patterns of words and uses the 

aggregated patterns in the whole corpus. 

 

Without loss of generality, topics are represented as groups of correlated words in topic models, 

while the correlation is revealed by word co-occurrence patterns in documents. For example, if 

the words “apple”, “iphone”, “ipad” and “app” frequently co-occur with each other in the same 

contexts, one can identify that they belong to a same topic (i.e. Apple Company and its 

products). Conventional topic models implicitly capture such word co-occurrence patterns by 

modeling word generation from the document level. Different from those approaches, the BTM 

directly models the word co occurrence patterns based on biterms. A biterm denotes an 

unordered word-pair co-occurring in a short context (i.e. an instance of word co-occurrence 

pattern).  Here the short context refers to a proper text window containing meaningful word co-

occurrences. It extracts any two distinct words in a short text document as a biterm. For example, 

in the short text document “I visit apple store.”, if we ignore the stop word “I”, there are three 

biterms, i.e. “visit apple”, “visit store”, “apple store”. The biterms extracted from all the 

documents in the collection composes the training data of BTM. 

 

Specifically, BTM considers that the whole corpus is a mixture of topics, where each biterm is 

drawn from a specific topic independently. The probability that a biterm is drawn from a specific 
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topic is further captured by the chances that both words in the biterm are drawn from the topic. 

Suppose 𝛼 and β are the Dirichlet priors. The specific generative process of the corpus in BTM 

can be described as follows: 

 
1. For each topic z 

 

(a) draw a topic-specific word distribution  z Dir ( )  

 

2. Draw a topic distribution Dir ( )  for the whole collection 

 

3. For each biterm b in the biterm set B 

 

      (a) draw a topic assignment z Multi( )  

 

(b) draw two words: i j zw ,w Multi( )  

 

Following the above procedure, the joint probability of a biterm b = ( wi, wj) can be written as: 

 

i j
z

P(b) P(z)P(w z)P(w z)  

= z ji z z
z

    

 

Thus the likelihood of the whole corpus is: 

 

z ji z z
z(i, j)

P(B)      

 
 
 

 
 

Figure 3.11: Graphical Representation of BTM algorithm 
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3.4.3 NMF (Non Negative Matrix Factorization) 
 
Non Negative Matrix Factorization (NMF) is a widely used algorithm for the analysis of high-

dimensional data as it automatically extracts sparse and meaningful features from a set of non-

negative data vectors (Islam, 2019). It is a matrix factorization method which constrains the 

matrices to be non-negative. It is a linear algebraic optimization algorithm. One of its properties 

is that it can extract meaningful information about topics without prior knowledge of the 

underlying meaning in the data. The mathematical objective of NMF is to decompose a single „n 

× m‟ input matrix into two matrices such that their product is a close estimate to the input matrix. 

For topic modeling, the input matrix of choice is the document-term matrix. This matrix is 

factorized into the document-topic matrix, of dimensions „n × t‟, and a topic-term matrix, of 

dimensions „t × m‟, where „t‟ is the number of topics that are to be produced. For example, given 

the original matrix A, we can obtain two matrices W and H, such that A= WH. NMF has an 

inherent clustering property, such that W and H represent the following information about A: 

 
1. A (Document-word matrix) - input that contains which words appear in which documents. 

2. W (Basis vectors) - the topics (clusters) discovered from the documents. 

3. H (Coefficient matrix) - the membership weights for the topics in each document. 

 
n m

2 2

ij ijF
i 1 j 1

1
A WH (A (WH) )

2  

    

 
In this objective function, error of reconstruction between A and the product of its factors W and 

H, is measured based on Euclidean distance. Using the objective function, the update rules for W 

and H can be derived, and we get: 

cjic
ic ic cj cj

ic cj

(WA)(AH)
W W H H

(WHH) (WWH)
 

 
 

The updated values are calculated in parallel operations, and using the new W and H, 

reconstruction error is recalculated, repeating this process until convergence. 

 

The researcher applied Term Weighting with term frequency-inverse document frequency so that 

"important" terms could be given more weight. 
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3.4.4 LSA (Latent Semantic Analysis)  
 
LSA (Latent Semantic Analysis) was developed in Bell Laboratories (Deerwester et al., 1990). 

This method gained popularity due to its solid theoretical background and efficient inference of 

topics. The method exploits co occurrence between terms to project documents into a low 

dimensional space. Inference is done using linear algebra routines for truncated Singular Value 

Decomposition (SVD) on the sparse term-document matrix, which is usually first weighted by 

some TF-IDF scheme. Once the SVD has been completed, it can be used to project new 

documents into the latent space, in a process called folding-in. It learns latent topics by 

performing matrix decomposition on the document term matrix using Singular Value 

Decomposition (SVD). It is also called as Latent Semantic Indexing (LSI) as an alternative name 

in NLP field. (Analytics Vidhya, 2018) 

 

Given „m‟ number of text documents with „n‟ number of total unique terms (words), and „k‟ 

number of topics to be extracted (specified by the user), first a document-term matrix of shape m 

x n having TF-IDF scores is generated as shown in Figure  3.12. Then, the dimensions of the 

above matrix are reduced to „k‟ (no. of desired topics) dimensions, using singular-value 

decomposition (SVD). SVD decomposes a matrix into three other matrices. Suppose one wants 

to decompose a matrix „A‟ using SVD. It will be decomposed into matrix‟ U‟, matrix „S‟, and 

„V
T
‟ (transpose of matrix V). Each row of the matrix Uk (document-term matrix) is the vector 

representation of the corresponding document. The length of these vectors is k, which is the 

number of desired topics. So, SVD gives vectors for every document and term in our data. The 

length of each vector would be k. These vectors are then used to find similar words and similar 

documents using the cosine similarity method. (Analytics Vidhya, 2018) 

 

A=Uk S V
T
 

 
 

Here the U denotes the Document Term Matrix   
 

 S denotes the Term Topic Matrix 

 VT denotes the transpose of the Term topic Matrix 

 k denotes the Number of Topics that are to be extracted. 
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Figure 3.12: Graphical Representation of TF-IDF calculation 

 

 
 

Figure 3.13: Graphical Representation of LSA algorithm 

 

3.4.5 LDA 2Vec (LDA to Vector)   
 
LDA2Vec is a model that learns dense word vectors jointly with Dirichlet-distributed latent 

document-level mixtures of topic vectors. In contrast to continuous dense document 

representations, this formulation produces sparse, interpretable document mixtures through a 

non-negative simplex constraint. Lda2vec builds representations over both words and documents 

by mixing word2vec‟s skipgram architecture with Dirichlet-optimized sparse topic mixtures. 

Word, topic, and document vectors are jointly trained and embedded in a common representation 

space that preserves semantic regularities between the learned word vectors while still yielding 

sparse and interpretable document to-topic proportions in the style of LDA (Moody, C., 2016). 

 

However, when the researcher tried to implement this model by applying this model on the 

dataset(s) at hand, the researcher was aware that it would take a lot of time and computational 
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power to train the data but estimated that we would still be able to manage. However, the 

computational power required to carry out this operation was simply too great, and the system 

fired a notification that the “system crashed using the entire available RAM” and the task could 

not be performed. Since the researcher was unable to perform this operation, putting it up as a 

proposed solution or rather a future work that could be explored further on the existing system, 

was taken into consideration. 

 

 

 
 
 

 
 

Figure 3.14: Errors faced while implementing LDA2Vec algorithm 

 

 

3.5 Evaluation 
 
In this phase, each of the models is evaluated to check if they were capable of achieving the 

business objectives. Also, the algorithms were compared for scalability in terms of the run time 

for each algorithm. Recent studies reveal that semantic interpretation of topics is not always 

correlated with perplexity. Therefore, here the researcher utilizes topic coherence as an intrinsic 

evaluation metric for the topic discovery, which has found to be matching with human judgments 

of the topic quality. 
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If we manually evaluate the topics, there is a chance that human bias will be introduced; hence it 

is imperative to supplement topic modelling with evaluation measures (Sokolova and Lapalme, 

2009). However, many studies (e.g., textual data, social media studies) expect semantic 

interpretation of the found topics. In those cases, we can evaluate topic modelling by calculating 

topic coherence that scores a single topic by measuring the degree of semantic similarity between 

words in the topic. 

 
For measuring the accuracy of each model, six robust topic coherence metric scores were 

calculated for top 10 keywords of each topic using Palmetto* topic quality measuring tool (as 

show in Figure 3.15). Palmetto is an online tool which tries to help researchers by offering 

different coherence calculations for a topic's top keywords. These coherences are based on word 

co-occurrences in the English Wikipedia and have been proven to correlate with human ratings. 

  

 
 

Figure 3.15: Palmetto tool for computing Topic Coherence 

 

The 6 different coherence metrics as mentioned on the Palmetto tool‟s webpage on which the 

models were evaluated are as below: 
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Figure 3.16: Different Coherence Metrics 
 

*Note: Palmetto tool is available online at the URL: https://palmetto.demos.dice-research.org/ 

Also, CV metric is not that reliable because there are known issues associated with it in the 

Palmetto tool. However, in this study the researcher calculated it for comparative purposes. 

3.6 Deployment 
 
Once the models are created, the knowledge gained is presented in a way that the business can 

use it. Based on the requirements, the deployment phase can be a simple generated report or a 

repeated process. In this research, the deployment phase is the identification of meaningful topics 

extracted from the dataset(s) taken into consideration and presenting the results in a form of a 

report/dashboard or a blog to the business owners. In this research the dashboards were shown to 

supervisor „Ms. Terri Hoare‟. 

 

The results are presented in the form of dashboards built in Tableau, which is an open source 

data visualization tool, and the dashboards were deployed on Tableau Public as well. The links 

for accessing the dashboards publically are as below: 

 

Dashboard on Amazon Food Reviews Dataset: 

“https://public.tableau.com/profile/chirag1339#!/vizhome/AmazonFooodDashboard/Dashboard1

” 

 

Dashboard on Zomato Dataset: 

“https://public.tableau.com/profile/chirag1339#!/vizhome/ZomatoDashboard_15983234409690/

Dashboard1” 

 

Dashboard on Ovarian Cancer Dataset: 

“https://public.tableau.com/profile/chirag1339#!/vizhome/OvarianCancerDashboard/Dashboard1

” 

 

https://palmetto.demos.dice-research.org/
https://github.com/dice-group/Palmetto/issues/12
https://public.tableau.com/profile/chirag1339#!/vizhome/AmazonFooodDashboard/Dashboard1
https://public.tableau.com/profile/chirag1339#!/vizhome/AmazonFooodDashboard/Dashboard1
https://public.tableau.com/profile/chirag1339#!/vizhome/AmazonFooodDashboard/Dashboard1
https://public.tableau.com/profile/chirag1339#!/vizhome/ZomatoDashboard_15983234409690/Dashboard1
https://public.tableau.com/profile/chirag1339#!/vizhome/ZomatoDashboard_15983234409690/Dashboard1
https://public.tableau.com/profile/chirag1339#!/vizhome/OvarianCancerDashboard/Dashboard1
https://public.tableau.com/profile/chirag1339#!/vizhome/OvarianCancerDashboard/Dashboard1
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Chapter 4 – Data Analysis 

 
To identify the most efficient topic modelling algorithm for each dataset, the findings of the 

research will be presented by following a road map mentioned below: 

 

1) Exploratory Data Analysis 

 

2) Model Results 

 

 Calculation of different Topic Coherence metrics using the Palmetto tool. 

 Run Time (Training) for each model. 

 

4.1 Exploratory Data Analysis 
 
Exploratory data analysis (EDA) was conducted on the dataset to analyze and identify the main 

characteristics of the data through visualizations, before the models were applied. Below 

visualizations were made to explore the data: 

 

4.1.1 Frequency Distribution of Word Counts in Documents 

When working with a large number of documents, one would want to know how big the 

documents are as a whole. Therefore, one needs to plot the histogram of the document 

word counts. The frequency distribution of word counts after cleaning the data for all the 

three datasets are presented below: 

 

Figure 4.1: Distribution of Document word counts for Dataset1 
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Figure 4.2: Distribution of Document word counts for Dataset2 

 

Figure 4.3: Distribution of Document word counts for Dataset3 

The histogram of the word counts reveal a right skewed distribution (positively skewed) which 

means that the mean is greater than the median. It shows that the most of the documents in short 

text datasets Dataset1 and Dataset2 have a word count around 8-10 words and there were very 

few documents that were large and had a word count greater than 20. On the other hand, it is 

worth noting that average word length for long text Dataset3 was around 50 words. So, it can be 
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inferred that documents in Dataset3 are almost five times the length of documents in Dataset1 

and Dataset2. 

4.1.2 Most common occurring words  

When working with a large number of documents, one would also want to know the most 

frequently occurring words in the whole corpus so as to filter out any inappropriate high 

frequency words. Therefore, one needs to plot a bar chart of frequency count of top 

occurring words in the dataset, so that words which have a high frequency and are 

irrelevant can be discarded from the corpus. Below are the bar charts for 30 most common 

words for each of the datasets: 

 

Figure 4.4: Count of 30 most common words in Dataset1 
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 Figure 4.5: Count of 30 most common words in Dataset2 

 

 

Figure 4.6: Count of 30 most common words in Dataset3 
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4.1.3 Word cloud of the dominant occurring words in the dataset 
 
Word cloud is a visualization composed of words in a particular text data. Word cloud displays 

how frequent the words appear in a collection of text. The size of each word indicates its 

importance which means the larger the word size, the more frequent the word in a topic. In 

addition, the words that dominate the word cloud are most likely directly related to the topic of 

the word cloud. Word clouds for all the three datasets are presented below. From the word cloud 

we can infer dominant words of each dataset, and remove them, if irrelevant or noisy. 

 

  
 

   Figure 4.7: Word Cloud for Dataset1                            Figure 4.8: Word Cloud for Dataset2 
 

 
 

Figure 4.9: Word Cloud for Dataset3 
 
 

4.1.4 Checking for Duplicate and NULL values in the dataset 
 
It is an imperative to check the dataset for any missing/NULL values or duplicate values in order 

to remove the redundant and invalid data from the dataset, as it will hamper the performance of 

any machine learning algorithm. All three datasets were checked for NULL and duplicate values, 

and the necessary documents were dropped from the dataset. 
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Figure 4.10: Checking for NULL values in the dataset 
 

 
 

Figure 4.11: Checking for duplicate values in the dataset 
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4.2 Model Results 
 

Topic modeling is unsupervised content analytics algorithm, and there is only one main input, 

the number of topics (k). The decision for the optimal k should be made, because it is possible 

that many topic models can be constructed with different k values in the same corpus. To select 

the optimal k value, there are different techniques such as cross-validation, residuals, semantic 

coherence, etc. These methods vary in terms of interpretability, scalability, and other 

measurements. This study used the topic coherence method to determine the optimal number of 

topics (k). Many LDA models were built with different no. of topics and the model giving highest 

coherence score was picked. We choose the no. of topics (k) where there is an end of rapid growth 

of topic coherence as there is a high possibility of getting more meaningful and interpretable 

topics at this value. 

 

The coherence score is based on the idea that words belonging to a single concept will tend to co-

occur within the same documents. It is empirically demonstrated that the coherence score is 

highly correlated with human-judged topic coherence. It must be stressed that the coherence score 

only is appropriate for measuring frequent words in a topic. Because the frequency of rare words 

is less reliable i.e. top 10 keywords of each topic were chosen to calculate the coherence score. 

Also, palmetto tool has a limitation to calculate the coherence score of only 10 keywords, 

therefore combining both the scenarios, to evaluate the overall quality of a topic set, the average 

coherence score was calculated for top 10 keywords of each topic. 

 

Note: There are two approaches to decide the no. of topics for each algorithm and on each dataset. 

One approach is to estimate k by comparing the residuals of the models with different k (from 2 

to 20) for each algorithm and dataset. Second approach is to choose a baseline model and infer 

the optimal value of k through this model on each dataset. In this study, the researcher chooses to 

follow the latter approach for simplicity purposes and to have an apple to apple comparison for 

no. of topics for each algorithm. 

 

4.2.1 Base Model (LDA Model) 
 
LDA is the most traditional topic modelling algorithm, therefore it was chosen as a baseline for 

the comparison with other models. The model was fit for different k (from 2 to 20) and 

coherence score was calculated. Figure 4 shows the result of an analysis of residuals available in 

the Gensim python package for different datasets. By following these principles and the results, it 

was found that the best model fit was when k is 4 for Dataset1 and Dataset3 and k=8 for 

Dataset2 as shown below: 
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                                      Figure 4.12: Coherence vs. No. of topics for Dataset1 
 

 
 

Figure 4.13: Coherence vs. No. of topics for Dataset2 
 

 
 

    Figure 4.14: Coherence vs. No. of topics for Dataset3 
 

A base model was first produced to track the progress as we go through the hyper-parameter tuning 

stage. The LDA topic model algorithm requires a document word matrix and a dictionary as the main 
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inputs. In addition to the corpus and dictionary, number of topics was provided as well. The hyper-

parameters of LDA α and β were set to default.  

 

The LDA model was implemented for all datasets using the parameters defined above and topic 

keywords were extracted for each dataset. The top 10 keywords for each topic were then fed into the 

online Palmetto tool for calculating the topic coherence and their average score was calculated. The six 

different average coherence metric score derived for each dataset topics using LDA are presented 

below. The results indicate that overall LDA model achieved the highest average coherence score 

values across different coherence metrics for Dataset3 and the least for Dataset1. 
 
 

Table 4.1:  Average Coherence Values calculated using LDA algorithm 

Dataset/Metric CV CP CUCI CUMass CNPMI CA 

Dataset1 0.37 -0.15 -1.48 -3.87 0.48 0.1 

Dataset2 0.35 -0.13 -0.92 -2.9 -0.02 0.15 

Dataset3 0.35 -0.02 -0.28 -2.86 0.01 0.15 

 
 

 
 

    Figure 4.15:  Average Coherence score for LDA algorithms on all datasets 
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4.2.2 Biterm Topic Modelling (BTM Model) 
 
Biterm topic modelling is one of the widely used algorithms for topic modelling on short texts. For this 

study, the hyperparameters of BTM namely α and β were set to the default values of 0.1. The value of 
hyperparameter no. of topics (k) was chosen as same as of baseline model for each of the dataset. 
 
The six different average coherence metric score derived for each dataset topics using BTM are 

presented below. The results indicate that BTM model achieved a really low coherence score for 

Dataset 3 on CUMass  metric, and majorly performed the best on Dataset1 and the least on 

Dataset3. 

Table 4.2:  Average Coherence Values calculated using BTM algorithm 

Dataset/Metric CV CP CUCI CUMass CNPMI CA 

Dataset1 0.38 -0.06 -0.79 -3.08 -0.01 0.16 

Dataset2 0.37 -0.12 -0.62 -2.97 -0.01 0.16 

Dataset3 0.34 -0.16 -0.36 -4.42 -0.6 0.15 

 
 

 
 

Figure 4.16:  Average Coherence vs. No. of topics for BTM Algorithm 
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4.2.3 Latent Semantic Analysis (LSA Model) 
 
Latent Semantic Analysis, or LSA, is one of the foundational techniques in topic modeling. The 

core idea is to take a matrix of documents and terms and decompose it into a separate document-

topic matrix and a topic-term matrix. The value of hyperparameter no. of components/topics (k) 

was chosen as same as of baseline model, for each of the dataset. The other parameters are: 

 

((n_components=k, n_iter=100, random_state=none, tol=0.0)) 

The six different average coherence metric score derived for each dataset topics using LSA are 

presented below. The results indicate that LSA model majorly outperformed on Dataset3, by 

achieving more coherent topics than the other datasets, except on the CUMass metric. 

 

Table 4.3: Average Coherence Values calculated using LSA algorithm 

Dataset/Metric CV CP CUCI CUMass CNPMI CA 

Dataset1 0.38 -0.27 -1.93 -3.24 -0.05 0.11 

Dataset2 0.33 -0.31 -1.15 -2.84 -0.03 0.08 

Dataset3 0.34 0.02 -0.79 -3.41 0 0.13 

 

 

Figure 4.17: Average Coherence score for LSA Algorithm for all 3 datasets 
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4.2.4 Non Negative Matrix Factorization (NMF Model) 
 
NMF works by decomposing high-dimensional vectors into a lower-dimensional 

representation. Hyperparameters on which NMF was run are presented below. The value of 

hyperparameter “no. of components/topics (k)” was chosen as same as of baseline model for each of 

the dataset.  

 

(Alpha=0.0, beta_loss='frobenius', init='nndsvd', l1_ratio=0.0, max_iter=200, verbose=0) 

The six different average coherence metric score derived for each dataset topics using NMF are 

presented below. The results indicate that NMF model majorly achieved the highest coherence 

score for Dataset 2 on all metrics, except the CNPMI and CP   metrics.     

                           Table 4.4: Average Coherence Values calculated using NMF algorithm 

Dataset/Metric CV CP CUCI CUMass CNPMI CA 

Dataset1 0.37 -0.25 -1.23 -4.01 -0.06 0.09 

Dataset2 0.35 -0.24 -0.51 -2.16 0.02 0.13 

Dataset3 0.31 -0.06 -0.91 -3.81 0 0.12 

 

 

Figure 4.18:  Average Coherence vs. No. of topics for NMF Algorithm 
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Chapter 5 – Results and Discussion 

5.1 Data Overview 

Exploratory Data Analysis (EDA) was conducted on the all the datasets and it was revealed that 

the short text corpora extracted from Twitter had an average word length around 10, whereas the 

average word length of Amazon food reviews dataset was around 50 words, which is four times 

the word length of short text corpora. Keeping this thing in mind, the results of different 

algorithms are analyzed below: 

 

 

5.2 Model Results  

The researcher compared all the four topic models algorithms for six different robust coherence metrics 

of topic coherence and also compared them for scalability in terms of run time. Also, the researcher 

was interested to know the variation of coherence values with the size of the dataset. For this purpose 

the researcher decided to divide Dataset2 i.e. the Ovarian Cancer dataset into subsets of random 5000 

tweets and 10000 tweets and applied all the models on these subsets of data and calculated topic 

coherence for these subsets. The results are presented below. 

5.2.1 Results for Dataset1 

The average coherence score calculated for each algorithm by taking top 10 keywords of each topic on 
Dataset1 are presented below: 

Table 5.1: Average Topic Coherence Values for Dataset1 

Algorithm/Metric CV CP CUCI CUMass CNPMI CA 

LDA 0.37 -0.15 -1.48 -3.87 0.48 0.1 

BTM 0.38 -0.06 -0.79 -3.08 -0.01 0.1 

LSA 0.38 -0.27 -1.93 -3.24 -0.05 0.11 

NMF 0.37 -0.25 -1.23 -4.01 -0.06 0.09 

 



Page 51 of 73 
 

 

Figure 5.1: Visualizing Average Coherence score for all algorithms for Dataset1 
 

From the results, we can infer that BTM majorly outperforms all the other models including the 

chosen baseline model LDA in classifying short texts.LDA outperformed BTM on the coherence 
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coherence score was almost the same and stable at around 0.1 for every model. In a nutshell, 

BTM outperformed the other algorithms on Dataset1. The variation in scores on different 

coherence metric for different algorithms can be attributed to different topic keywords identified 

by different algorithms. The top 10 topic keywords for the 4 topics given by the best performing 

algorithm (BTM) are presented below. Looking at these keywords, the researcher inferred 

the topic labels as presented below: 
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Figure 5.2: (Top 10 Topic Keywords extracted by BTM and Topic name inferred manually on 

Dataset1) 

After content analysis of the topic keywords, several insightful topics were obtained such as 

online delivery of food, customer review and discounts/offers. Also one noisy topic was 

discovered. Labeling some topics was relatively challenging because top words alone did not 

provide a clear picture about the topic, so the researcher had to refer the top 30 keywords of each 

topic to get a better picture on topic label. 

Also, the topic modelling results of the best performing algorithm on this dataset (BTM) was 

visualized using pyLDAvis library in Python. The pyLDAvis is a web based interactive topic 

modelling visualization using LDA which is built from LDAvis using a combination of R and 

D3.By using pyLDAvis we can explore the relationship between topic and terms to understand 

the topic models. 



Page 53 of 73 
 

5.2.1.1  Inferring  pyLDAvis Output 

Each bubble on the left-hand side plot represents a topic. The larger the bubble, the more 

prevalent is that topic. A good topic model will have fairly big, non-overlapping bubbles 

scattered throughout the chart instead of being clustered in one quadrant. A model with too many 

topics will typically have many overlaps, small sized bubbles clustered in one region of the chart. 

Alright, if one moves the cursor over one of the bubbles, the words and bars on the right-hand 

side will update. These words are the salient keywords that form the selected topic. 

 

Figure 5.3: pyLDAvis plot for BTM algorithm on Dataset1 

5.2.2 Results for Dataset2 

The average coherence score calculated for each algorithm by taking top 10 keywords of each topic on 
Dataset2 are presented below: 

Table 5.2: Average Topic Coherence Values for Dataset2 

Algorithm/Metric CV CP CUCI CUMass CNPMI CA 

LDA 0.35 -0.13 -0.92 -2.9 -0.02 0.16 

BTM 0.37 -0.12 -0.62 -2.97 -0.01 0.16 

LSA 0.33 -0.31 -1.15 -2.84 -0.03 0.08 

NMF 0.35 -0.24 -0.51 -2.16 -0.02 0.13 
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Figure 5.4: Visualizing Average Coherence score for all algorithms for Dataset2 
 

From the results, we can infer that BTM majorly outperforms all the other models except on the  

CUMass  and CUCI coherence metric. NMF outperformed other models on the coherence metric 

CUMass, but majorly BTM achieved the highest coherence score on all other metrics. For CA 

metric, the coherence score of LDA and BTM was almost the same at around 0.16. In a nutshell, 

BTM outperformed the other algorithms on this dataset. The variation in scores on different 

coherence metric for different algorithms can be attributed to different topic keywords identified 

by different algorithms. The top 10 topic keywords for the 4 topics given by the best performing 

algorithm (BTM) are presented below. Looking at these keywords, the researcher inferred 

the topic labels as presented below: 
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Figure 5.5: Top 10 Topic Keywords extracted by BTM and Topic name inferred manually on 

Dataset2 

After content analysis of the topic keywords, several insightful topics were obtained such as 

people talking about creating awareness about ovarian cancer, symptoms and diagnosis of 

ovarian cancer and on new studies/clinical trials going on this area. Also, one noisy topic was 

discovered as well. Also, the topic modelling results of the best performing algorithm on this 

dataset (BTM) was visualized using pyLDAvis library in Python.  
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 Figure 5.6: pyLDAvis plot for BTM algorithm on Dataset2 

5.2.3 Results on Dataset3 

The average coherence score calculated for each algorithm by taking top 10 keywords of each topic on 
Dataset1 are presented below: 

Table 5.3: Average Topic Coherence Values for Dataset3 

Algorithm/Metric CV CP CUCI CUMass CNPMI CA 

LDA 0.35 -0.02 -0.28 -2.86 0.01 0.15 

BTM 0.34 0.16 -0.36 -4.42 -0.6 0.15 

LSA 0.34 0.02 -0.79 -3.41 0 0.13 

NMF 0.31 -0.06 -0.91 -3.81 0 0.12 
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Figure 5.7: Visualizing Average Coherence score for all algorithms for Dataset3 
 

Here, we see a significant change. On increasing the length of the texts, the performance of BTM 

as compared to other algorithms, decreased. LDA majorly outperformed the other algorithms on 

this dataset, except on the CP metric. We also note that BTM achieved a relatively low score on 

CUMass metric on this dataset. Also, NMF did not perform so well on this dataset, giving the 

lowest coherence values across datasets. In a nutshell, LDA outperformed the other algorithms 

on this Dataset3. The variation in scores on different coherence metric for different algorithms 

can be attributed to different topic keywords identified by different algorithms. The top 10 topic 

keywords for the 8 topics given by the best performing algorithm (LDA) are presented below. 

Looking at these keywords, the researcher inferred the topic labels as presented below: 
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Figure 5.8: (Top 10 Topic Keywords extracted by LDA and Topic name inferred manually on 

Dataset3) 

After content analysis of the topic keywords, several insightful topics were obtained such 

reviews on dog/cat food, coffee products, tea products, Amazon delivery etc. A noisy topic was 

discovered as well. Also, the topic model results of the best performing algorithm on this dataset, 

(LDA) were visualized using pyLDAvis library in Python.  

 Figure 5.9: pyLDAvis plot for LDA algorithm on Dataset3 
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So, to conclude the model results, we can observe that the performance of models is highly data 

set dependent. BTM achieves the best performance on short text datasets in inferring more 

coherent topics and outperformed the traditional modeling algorithms, but does not perform well 

on long text data. However, LDA outperformed on long text data. The divergence in the 

performance of classifying short texts suggested that the data sparsity problem of short texts 

affected other algorithms, while less variation was found in BTM. As for entropy, for the CUMass 

score, unstable results were produced by NMF ranging from -2.1 to -4.01, i.e. different quality of 

topics were learned by LSA, i.e. some with good and some with very low quality on different 

datasets. We also found that the CA coherence measure often agreed with the CP measure. 

Overall, NMF learnt more incoherent topics than other models on short text data. 

 

5.2.4 Comparison of the Algorithms on Run Time 
 
The algorithms studied in this work are also compared for efficiency and scalability on the basis 

of their runtime. Though BTM gave the best results on short texts datasets with respect to topic 

coherence, the training time for BTM was very large which puts a question on the scalability of 

the model. NMF outperformed the other models on run time whereas LSA also performed 

reasonably well. Below are the run times (in seconds) for all the algorithms on various datasets. 

 
Table 5.4: Comparison of algorithms on run time 

Algorithm Dataset1 Dataset2 Dataset3 

LDA 
200.41 265.42 498.38 

BTM 
5261.48 4415.4 34,810.41 

LSA 
3.2 3.1 3.46 

NMF 
2.3 2.2 2.5 
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Figure 5.10: Visualizing Run time (in s) for all algorithms/datasets 

 

5.2.5 Comparison of Coherence Score with Dataset size 
 

The researcher also explored the variation of topic coherence with the size of the dataset. For this 

purpose, two random subsets of size 5k and 10k were taken from Dataset2 for comparison, and 

all the models were applied on those datasets. The results are presented below: 

 
Table 5.5: Comparison of Coherence Score with Dataset Size on different subset of Dataset2 

Algorithm/Coherence 
Metric 

CP CUCI CUMass CNPMI CA 

5k 10k 20k 5k 10k 20k 5k 15k 20k 5k 15k 20k 5k 15k 20k 

LDA -0.23 -0.15 -0.13 -1.91 -1.61 -0.92 -3.83 -3.07 -2.9 -0.06 -0.91 -0.02 0.08 -0.91 -0.02 

BTM -0.22 -0.16 -0.12 -1.7 -1.79 -0.62 -3.94 -3.81 -2.97 -0.06 -0.06 -0.01 0.09 -0.06 -0.01 

LSA -0.23 -0.24 -0.31 -1.82 -1.71 -1.15 -3.64 -3.52 -2.84 -0.05 -0.05 -0.03 0.07 -0.05 -0.03 

NMF -0.13 -0.2 -0.24 -0.7 -2.11 -0.51 -2.22 -2.72 -2.16 0.55 -0.07 -0.02 0.09 -0.07 -0.02 

 
The results reveal that the major trend was that topic coherence increased with the increase in 

dataset size. However, there were few scenarios where average topic coherence decreased with 

the increase in dataset size, for instance, the average CUMass coherence was -2.22 for a dataset of 

size of 5k, whereas it was -2.72 for dataset of size 10k.. The reason for this phenomenon could 

be the presence of different words and different frequencies of words in different datasets, thus 

inferring different topics and keywords and therefore causing difference in calculations of 

different coherence metrics. Hence, it is hard to say that topic coherence increases with the 

increase in dataset size and the results will depend on the dataset. 
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5.3 Key Limitations 
 
The main limitation of this research is that the average coherence score is computed by online 

Palmetto tool only for the top 10 keywords of a topic. A key problem with this approach is that 

reducing the topic model to a short list of words loses too much precision. One could getter 

better and more accurate results if the topic coherence is calculated and averaged for all 

keywords of a topic. (The topic coherence calculated for each of the algorithm and dataset is 

attached along with the artifacts in a file named as “Topic_Coherence.xlsx”.) 

 

Another key limitation of this work was lack of high memory resources and time utilizing 

algorithms/models. The researcher wanted to implement state of the art deep learning based 

LDA2vec model in this work and compare its performance with other models. However due to 

lack of sufficient computational power, researcher could not implement this model. 

 

Also, the dataset size for collection of tweets on Zomato and Ovarian Cancer was limited to 

34,224 tweets for Zomato and 37,290 tweets for Ovarian Cancer corpus. 
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Chapter 6 – Conclusion and Future Work 
 
In this work, analysis of topic modelling algorithms was done in the context of tweets obtained 

from the popular micro blogging website Twitter and on Amazon Food reviews. Each algorithm 

was implemented in an unsupervised manner and topics were extracted. All the topics and their 

keywords were represented with specific colors to give more visibility and understanding. 

Comparing the results of several topic modelling algorithms, through our experiments, we made 

several exciting and interesting discoveries. Semantic information is not always better 

represented by coherence score, as analyzed by human judgement.BTM model outperformed 

other algorithms on short text data on all coherence metrics except CUMass and CA. Though, BTM 

model outperformed both LDA and NMF models on short text data in terms of higher coherence 

scores, but not when attempting to match human judgments of similarity. On inspection, it was 

noted that, semantically, results generated by LDA were more meaningful and interpretable than 

the other models. On the other hand, LDA majorly outperformed other models in detecting 

coherent and interpretable topics on long texts. Although, topic modelling works fairly well, it 

has it shortcoming when it comes to detecting interpretable topics from the web. This is because 

of the fact that there is a lot of noise in data obtained from Twitter. Proposed work has shown 

that all the models were good at extraction of latent patterns from text but it was found out that 

the BTM topic modelling techniques was not that suitable for long texts as compared to other 

models. However, this does not mean that BTM topic modelling will fail with long texts and the 

results may vary with different datasets and on further tuning of hyperparamaters. NMF 

outperformed the other models on run time. Also, as expected, topic coherence tends to increase 

with the increase in size of data, i.e. topic quality depends on the dataset size. 

 

Model perplexity and topic coherence provide a convenient measure to judge how good a given 

topic model is. The coherence scores calculated in this study were not very high, but remember 

these were only the base models, the scores can be further improved by hyperparameter tuning. 

Comparing the average topic coherence values for each model for different datasets, it is evident 

that the performance of different algorithms varies with dataset and also with the length and 

volume of data. Therefore, when topic modelling on any textual data, a set of topic modelling 

algorithms need to be implemented to identify which algorithms accurately captures the coherent 

and semantically interpretable topics and then the best algorithm for that data should be chosen. 

To conclude, the researcher suggests applying BTM model while detecting topics on short texts, 

as it achieved the highest coherence score on most of the metrics and applying LDA or LSA 

model for detecting topics on long text corpora.  
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6.1 Future Work 

 
With this present work done, a number of future works can be done for further research and 

experiment. Because of the limitation of computational power, this research is based on a 

relatively smaller dataset. However, the results are quite convincing even with the small size. 

Applying to a larger dataset, will more likely achieve better results. We can find a method to 

have high computational power and with more computational power, state of the art techniques 

such as deep learning based LDA2Vec model can be implemented in future.  

 

Two areas, data collection and data cleaning can be improved in future research. First, data 

collection was done for a limited period (January, 2018 through June, 2020). Also, the study 

used a single social media platform as its data source. Future research, using decade long data, 

from multiple data sources may provide better results. Also, we could think of having a more 

robust method to clean data effectively. 

 

It is also worth noting that the approach taken by researcher is not using other information 

available in Twitter such as user account meta-data, re-tweets, likes, URLs, images, location, 

geo-referenced data (when available), etc. The researcher concentrates his analysis only in the 

textual content. However, this complementary information could add value to better represent the 

results of topic detection on the web. Also, sentiment analysis along with topic modelling will 

better represent the people‟s opinion on the web and TSNE algorithm could be explored for topic 

visualization. 

 

Also, we can improve upon this model (Hyperparameter Tuning) by Grid Search and arrive at 

the optimal number of topics, no. of iterations and other parameters within these models. The 

grid search constructs multiple models for all possible combinations of parameter values in the 

parameter grid. So, this process can consume a lot of time and resources and with increase in 

computational power, we can achieve the same.  
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APPENDIX -A 
 

Tools and technologies used: 

 
1) Gensim 

 

Gensim (Rehurek 2008) is a free Python library that is aimed at automatic extraction of semantic 

topics from documents. The input of Gensim is a corpus of plain text documents. There are 

several algorithms in Gensim, including LSI, LDA, and Random Projections to discover 

semantic topics of documents. Once the semantic topics are discovered, the plain text documents 

can be queried for topical similarity against other documents. 

 

2) MALLET 

 

MALLET (McCallum 2002) is a Java-based package for natural language processing, including 

document classification, clustering, topic modeling, and other text mining applications. There are 

implementations of LDA, of the PAM, and of HLDA in the MALLET topic modeling toolkit. 

 

3) R 

 

R is an open source programming platform which is mainly used for statistical computing and 

graphics which was developed by John Chambers and colleagues at Bell laboratories which were 

formerly known as AT&T and now go by Lucent Technologies. 

 
4) Python 

 

Python is a mature, versatile and robust high level programming language. It is an interpreted 

language which makes the testing and debugging phase‟s extremely quick as there is no 

compilation step. There are extensive open source libraries available for this version of python 

and a large community of users. 

 

 
5) Tableau 

 
Tableau is open source data visualization tool where one can create interactive visualizations and 

dashboards. 
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APPENDIX-B  

 
This document will guide you through the contents of the Artifacts and the necessary steps to 
implement the Python/R code for dissertation project titled “Exploring the space of Topic Modelling 
and Topic Coherence on short and long text corpora”.  

 

Contents of the Artifacts  
 

1- Datasets  
 
Zomato and Ovarian Cancer datasets are extracted from https://www.twitter.com/ and Amazon Food 

Reviews dataset is extracted from open source website Kaggle from the below link: 

https://www.kaggle.com/snap/amazon-fine-food-reviews 
 

1. ZomatoRawTweets.xlsx: The pre-processed tweets on Zomato.  

2. OvarianCancerRawTweets.xlsx: The pre-processed tweets on Ovarian Cancer. 

3. AmazonReviews.xlsx: The pre-processed Amazon Reviews data.  

4. ZomatoCleanTweets.csv: The cleaned tweets on Zomato after preprocessing.  

5. OvarianCancerCleanTweets.csv: The cleaned tweets on Ovarian Cancer after preprocessing.  

6. AmazonReviewsClean.csv: The cleaned reviews on Amazon food after preprocessing.  

 

2 Model Results  
 
2.1 LDA(Latent Dirichlet Allocation) 

 
1. TopKeywordsLDA.xlsx: This file consists of top 30 keywords of topics extracted by applying 

LDA model on all the three datasets. 

2. TopicCoherenceLDA.xlsx: This file consists of six different coherence metric calculated for 
top10 keywords of topics extracted by applying LDA model on all the three datasets using the 
online topic coherence calculation tool, Palmetto. 

3. pyLDAvis_Dataset3_LDA.html: This file consists of an interactive pyLDAvis visualization 
created for Amazon dataset, using the pyLDAvis library in Python. 

   

 

 

 

 

 

https://www.twitter.com/
https://www.kaggle.com/snap/amazon-fine-food-reviews
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2.2 BTM(Biterm Topic Modelling) 

 
1. TopKeywordsBTM.xlsx: This file consists of top 30 keywords of topics extracted by applying 

BTM model on all the three datasets. 

2. TopicCoherenceBTM.xlsx: This file consists of six different coherence metric calculated for 
top10 keywords of topics extracted by applying BTM model on all the three datasets using the 
online topic coherence calculation tool, Palmetto. 

3. pyLDAvis_Dataset1_BTM.html: This file consists of an interactive pyLDAvis visualization 
created for Zomato dataset, using the pyLDAvis library in Python. 

4. pyLDAvis_Dataset2_BTM.html: This file consists of an interactive pyLDAvis visualization 
created for Ovarian Cancer dataset, using the pyLDAvis library in Python. 

 

 

2.3 LSA(Latent Semantic Analysis) 

 
1. TopKeywordsLSA.xlsx: This file consists of top 10 keywords of topics extracted by applying 

LSA model on all the three datasets. 

2. TopicCoherenceLSA.xlsx: This file consists of six different coherence metric calculated for 
top10 keywords of topics extracted by applying LSA model on all the three datasets using the 
online topic coherence calculation tool, Palmetto. 

 

2.4 NMF(Non Negative Matrix Factorization) 

 
1. TopKeywordsNMF.xlsx: This file consists of top 10 keywords of topics extracted by applying 

NMF model on all the three datasets. 

2. TopicCoherenceNMF.xlsx: This file consists of six different coherence metric calculated for 
top10 keywords of topics extracted by applying NMF model on all the three datasets using the 
online topic coherence calculation tool, Palmetto. 

 

Note: 

DatasetSizeandRunTimeAnalysis.xlsx: This file consists of consolidated values of run time noted for 
each algorithm and topic coherence values on different metrics for different subsets of Dataset2. 
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3 Model Execution 
 

3.1 Python Code 
 
1) EDA and TopicModellingLDA.ipynb: This file consists of Python code for topic modelling 

using   LDA (Latent Dirichlet Allocation). 

 

2) TopicModellingBTM.ipynb: This file consists of Python code for topic modelling using 

BTM (Biterm Topic Modelling). 

 

3) TopicModellingLSA.ipynb: This file consists of Python code for topic modelling using LSA 

(Latent Semantic Analysis). 

 

4) TopicModelligNMF.ipynb: This file consists of Python code for topic modelling using NMF 

(Non Negative Matrix Factorization). 

 

5) ExtractTweets.ipynb: The python code to extract historical tweets from Twitter. 

 

4) R Code and StopwordsList 
 

 
1) DataPreprocessing.R: This code in R pre-processes the data for the requirement before 

modeling. 

 

2) AdditionalStopWordsList.xlsx- The file consists of list of additional stop words apart from 

the English stopwords that were fed into the system for removal during data preprocessing. 

 

4) Deployment 

 

1) ZomatoDashboard.twb: This file consists of dashboard developed in Tableau on results extracted 
from Zomato dataset. 

 

2) AmazonFoodDashboard.twb: This file consists of dashboard developed in Tableau on results 
extracted from Amazon food review dataset. 

3) Ovarian Cancer Dashboard .twb: This file consists of dashboard developed in Tableau on results 
extracted from Ovarian Cancer dataset. 
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4)Dashboard Screenshots: Consists of screenshots of Dashboard. 

 

Note: The above dashboards have  also been deployed on Tableau Public and can be accessed through 
the below links: 

 

Dashboard on Amazon Food Reviews Dataset: 

“https://public.tableau.com/profile/chirag1339#!/vizhome/AmazonFooodDashboard/Dashboard1

” 

 

Dashboard on Zomato Dataset: 

“https://public.tableau.com/profile/chirag1339#!/vizhome/ZomatoDashboard_15983234409690/

Dashboard1” 

 

Dashboard on Ovarian Cancer Dataset: 

“https://public.tableau.com/profile/chirag1339#!/vizhome/OvarianCancerDashboard/Dashboard1

” 

 

5) Paper/Journal referred- This folder consists of all the papers/journal referred in this 

study. 

 

 

6) README: Explains the contents of the Artifacts, how to implement the code on R studio and 
Python Jupyter notebook. 
 
Note: The above listed files are placed in different subfolders in Artifacts for easy comprehension. 
Please refer to the readme file attached along with the Artifacts to understand how the code is 
implemented in R studio and Python 

https://public.tableau.com/profile/chirag1339#!/vizhome/AmazonFooodDashboard/Dashboard1
https://public.tableau.com/profile/chirag1339#!/vizhome/AmazonFooodDashboard/Dashboard1
https://public.tableau.com/profile/chirag1339#!/vizhome/AmazonFooodDashboard/Dashboard1
https://public.tableau.com/profile/chirag1339#!/vizhome/ZomatoDashboard_15983234409690/Dashboard1
https://public.tableau.com/profile/chirag1339#!/vizhome/ZomatoDashboard_15983234409690/Dashboard1
https://public.tableau.com/profile/chirag1339#!/vizhome/OvarianCancerDashboard/Dashboard1
https://public.tableau.com/profile/chirag1339#!/vizhome/OvarianCancerDashboard/Dashboard1

