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ABSTRACT 
Machine learning, part of the natural language processing family, can be applied to dozens of tasks and specialised areas, with sentiment analysis being one sector. Several pre-existing classification algorithms are tuned, trained, and tested on the Sentiment140 dataset to distinguish between positive and negative sentiment. Various evaluation techniques are applied to the performance metrics which are generated and extracted from the classification algorithms, and a comparison of the performance metrics determines that the logistic regression classifier is the best for performing sentiment analysis on the Sentiment140 dataset, closely followed by the naïve Bayes classifier.
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[bookmark: _Toc87546721]Background
Sentiment analysis is not only a challenging research area within natural language processing, but also an extremely powerful tool that almost every business and social domain is able to harness in order to aid them by gathering critical feedback about products or services they provide [1, p. 7], [2], and by answering the questions asked by those who need to know, such as: 
· Why have our sales spiked or dropped this week?
· What is the general feeling toward our newly released product?
· The survey data said that this would be a guaranteed success, but why was it not successful?
· How are people reacting to the new service of competitor ‘X’?

A social data insights report produced by Twitter [3] states that although there is a plethora of data, the analysis of said data is just not able to keep up, with even 63% of marketers failing to see how social data can provide any form of benefit to their business. 

[bookmark: _Toc87546722]Purpose
The purpose of this project is to develop software which can successfully classify the sentiment polarity of a tweet into either positive or negative. This will then be followed by a comparative analysis, taking into consideration several metrics, which will then determine which of the given classification models are the best suited for the task and why. 
	Classification models are then able to be applied to the real world by various end users, and they can be utilised to assist with the points and questions posed in the above background section. This can arm companies and businesses with a powerful instrument which can provide information and possibly support in making a business decision, or at least automate some of the menial and monotonous tasks (such as sentiment classification) that the business may be paying a person/team to perform instead, cutting costs, and increasing productivity as a machine should be able to perform tasks faster than a human.

[bookmark: _Toc87546723]Aims and Objectives
The aim of this project is to synthesise the various tools and techniques discovered (whilst completing both an undergraduate degree in software engineering, and a postgraduate degree in data science and analytics) to develop software which can process a dataset containing Twitter data, and successfully perform sentiment analysis. This software will provide a polarity classification on the available tweets from the dataset, and in turn the model trained will be able to successfully predict the sentiment of another tweet. The objectives of this project are as follows:
· Perform data exploration and analysis of a dataset,
· Perform data cleaning on a dataset,
· Develop a software which can perform sentiment analysis on a dataset,
· Train the developed software with the dataset,
· Test the developed software to ensure it is fit for purpose,
· Analyse the produced data from the software and produce an evaluation on the results, determining which classification algorithm is best suited for sentiment analysis of the given dataset,
· Answer any business questions that are to be determined through the CRISP-DM process.


[bookmark: _Toc87546724]Background and Related Works
This section will outline the background theory and information for the project, and will build on the initial literature review detailed in the research proposal which has previously been submitted.

[bookmark: _Toc87546725]Social Media
Social media platforms such as Facebook, Twitter, Instagram, and YouTube are some of the most popular platforms for internet users to share their voices, opinions, and sentiments across a multitude of topics, products, and services. Due to the volume of transactions that these platforms process on a daily basis in terms of tweets, comments and reactions, these platforms are viewed as an extremely valuable resource in the world of computing as a free source of human text input [4], [5].

[bookmark: _Toc87546726]Social Media Usage
Reports produced by DataReportal [6], in partnership with HootSuite [7] and We Are Social [8], show just how much of the global population (7.85 billion people) utilise various social media platforms, with Facebook being the most popular at almost 2.8 billion users (Figure 2-1).

[image: ]
[bookmark: _Toc87546819]Figure 2‑1 Global active social media users per month (as of April 2021)

Figure 2-2 displays the quarterly change from Q2 of 2019 through to Q2 of 2021. This shows an overall increase of 23.36% in the amount of active social media users in this timespan [6], and a steady increase overall in global usage of various social media platforms.

[image: ]
[bookmark: _Toc87546820]Figure 2‑2 Change in global active social media users

As the userbase and usage of social media increases, so too does the plethora of various pieces of information readily available for processing for companies.

[bookmark: _Toc87546727]Twitter
For this project, the core focus will be on Twitter and the data, or tweets, of Twitter users. Twitter is one of the many popular microblogging applications, however the niche difference between Twitter and other social media platforms (where a user can produce text data) is that Twitter only allows users to exchange and post messages (tweets) of up to 280 characters per tweet [9]. The tweet can contain multimedia such as images or videos, and users are also able to post web links.
	A user is then able to interact with the given tweet as they can “like” the tweet, and they are also able to “retweet” the tweet. This function essentially re-post the tweet on their own profile for their own followers to see and interact with [10].
	A user can “follow” an account, which essentially subscribes them to the target account and each time a tweet is broadcast from the target account, it will be displayed in the homepage of the user [11]. This also allows users to send direct messages between each other – the Twitter version of private messaging.  	Unless a user explicitly restricts their tweets through the account settings, tweets are publicly available by default, meaning that anyone can view the tweets (even if they are not a twitter user) and interact with said tweets [12]. 

[bookmark: _Toc87546728]Big Data
Due to the various forms of Twitter data (text, images, videos, web links) and the sheer volume of continuous transactions (in a 2018 report by Mention [13], there were roughly 500 million tweets per day), Twitter is seen as a key source of big data [14], [15].
	Big data is a term which is describes a large volume of data and is represented by structured and unstructured data, with the latter comprising of the majority [16, p. 35]. Big data is classified with the following five characteristics [17], [18]:
· Volume – The amount of data created in a unit of time – second, minute, hour, day, week, 
· Velocity – How fast new data is generated and transmitted,
· Variety – The different formats and file types of the data, such as a text file (.txt, .docx, .pdf), image (.jpg, .png, .bmp), video (.mp4, .mkv, .avi),
· Veracity – Accuracy and trustworthiness of the generated data in terms of uniformity and consistency,
· Value – The leverage value that the data has for the individual or organisation to achieve a goal.

[bookmark: _Toc87546729]Machine Learning
Machine learning is the field within computer science that gives machines the ability to learn through being trained, not by just being programmed. Due to the impracticality of using humans to process big data (in terms of cost, speed, and accuracy), techniques from machine learning are used instead. A machine learns by processing and mapping input data into meaningful outputs, or targets [19, pp. 5–6], [20, p. 2]. 
	Machine learning models can be classified depending on the type of supervision they receive [20, p. 7]:
· Supervised learning,
· Unsupervised learning,
· Semi-supervised learning,
· Reinforcement learning.

[bookmark: _Toc87546730]Supervised Learning
Supervised learning is the mapping of input data to known targets, or labels. The dataset for supervised learning contains features, and the algorithm used can map the data (input) to the corresponding label (output) by using the given features. 
This is used primarily in classification or regression tasks, and the tasks cover areas such as optical character recognition (OCR), image classification and language translation for example [19, p. 94]. 
	An example application of supervised learning and classification is the commonly used iris dataset [21]. The dataset is labelled with the species of each iris plant, then a supervised learning classification algorithm can learn which attributes correspond to which species. Once the training is completed on the training dataset, it can then be applied to a test dataset to test the classification accuracy.
Some of the various supervised learning algorithms which are used are random forest, neural networks, naïve Bayes and support vector machine (SVM) [22]–[24].

[bookmark: _Toc87546731]Unsupervised Learning
Unlike supervised learning, unsupervised learning does not have the aid of any explicit feedback [25, p. 653]. It is applied to attempt to extract information from data. It can often be found in data visualisation and data analytics, with common tasks being clustering and dimensionality reduction [19, p. 94]. 
	Some of the most important unsupervised learning algorithms used are K-Means and DBSCAN in clustering, and principal component analysis (PCA) for dimensionality reduction [20, p. 10].

[bookmark: _Toc87546732]Semi-supervised Learning
In semi-supervised learning, the training and test datasets contain both labelled and unlabelled information. There is usually a data imbalance, with a greater amount of unlabelled data. The addition of the unlabelled data can assist the semi-supervised learning algorithm in training a better model, as the algorithm should be able to leverage an increased probability distribution in the labelled data [26, p. 4], [27]. 

[bookmark: _Toc87546733]Reinforcement Learning
The reinforcement learning field has primarily been applied to video games since its birth in the 1950’s. This learning style has the system (agent) observe the environment, and then perform actions. These actions then either provide rewards or penalties to the agent. This allows the agent to learn the optimum output by trial and error [20, pp. 609–610], [28]. 

[bookmark: _Toc87546734]Natural Language Processing
Machines have had the ability to process languages since they were invented – Fortran, LISP, Pascal, and C. However, these languages are programming languages and are interpreted and used as algorithms for the machine to process.
Natural language processing (NLP) is a research topic within computer science that involves the processing of either text or spoken words of natural languages such as English, Spanish, or Welsh, into data, which a machine is then able to harness in order to read and understand the natural human languages in a way that it can be of value to a computer [29, p. 4]. 
There are several areas of research which the umbrella of NLP has been successfully applied to, such as:
· Chat applications and chat bots [30],
· Detecting signs of an astronauts speech or language disorder during space missions, potentially highlighting psychological impairments [31], 
· Email spam detection [32],
· Sentiment analysis (will be discussed in length in a later section).

[bookmark: _Toc87546735]NLP Tasks
NLP, as mentioned, includes the processing of data for a machine to understand and work with. These tasks use a variety of methods, some of which are speech recognition, part-of-speech tagging, word sense disambiguation, and named entity recognition, to name a few.

Speech Recognition 
Speech recognition, or speech-to-text (not to be confused with voice recognition – the identification of the person speaking), is the method which can identify spoken words (voice data) and then processes the voice data into text data [33].

Part-of-Speech Tagging
Part-of-speech tagging (PoS tagging), or grammatical tagging, is the process which can classify words within a part of speech with tags such as noun, verb, adjective, adverb, etc. [34], [35, pp. 179–181] and related to this project, adjectives can be important indicators of opinion and sentiment [36, p. 49].

Word Sense Disambiguation
Word sense disambiguation is a task that is applied when a homonym, or polysemous word (a word which has multiple meanings) is encountered and the correct sense is to be identified in a given context [35, p. 28], [37], [38, p. 330].

Named Entity Recognition
Named entities are definite nouns which refer to certain real-world objects. This could be a person, location, date, time, money, etc. The named entity recognition (NER) system is used to identify and classify the elements in text [35, p. 281], [38, p. 332], [39]. 

[bookmark: _Toc87546736]NLP Techniques
There are various techniques (also known as subtasks) which NLP utilises to complete the tasks mentioned above, such as tokenization, stemming, and lemmatization. Each one of these plays an important role in NLP but is not explicitly used for each task mentioned above.

Tokenization
Tokenization is the process of splitting data (a sentence, phrase, or paragraph) into tokens (individual sentences if tokenizing a paragraph, or words if tokenizing a sentence). This can be carried out on a variety of rulesets, such as a separation character being a space (“ ”), also known as white space tokenization. Or a rule to split on nonalphanumeric characters (‘, !, ?, etc.) [40, pp. 21–24]. 

Stemming
Stemming is the process of removing affixes of a word and extracting the root word. A simple example of this process is using the words “stemming” and “stems”. After removing the affixes “ing” from stemming and “s” from stems, the remaining root word is “stem” [35, p. 107], [38, p. 128], [41].  

Lemmatization
Lemmatization shares similarities with stemming in that it is has the same goal – to reduce inflectional forms of a word. However, lemmatization includes the morphological analysis of words [38, p. 131], [40, pp. 30–31]. An example of this would be “good”, “better” and “best”. These words can be lemmatized, and the root word (also known as the lemma) is “good”. 

Stop Word Removal
Stop words are another part of text processing that must be taken into consideration. The stop words are classed as “filler” words, which add no significance to a piece of text for a machine. They can easily inflate the memory and time processing complexity with their existence. Through the removal of these stop words, the text count can reduce by up to 40% through a document [42].

[bookmark: _Toc87546737]Sentiment Analysis
A sentiment is a view or attitude towards a person, place, or thing. Importantly, the opinion is personal or subjective, rather than objective. Sentiment analysis is one of the many study areas that come under the umbrella of NLP and is comprised of the computational research into processing opinion related information (emotion, mood, attitude) gathered from a body of text data. This text data can emanate from sources such as a review on a company product review page, or thanks to the proliferation of social media, a plethora of data such as a tweet from Twitter, a wall post or comment on Facebook, a comment on a YouTube video, and so on, is readily available [1, p. 7], [4], [36, p. 1], [38, p. 320], [43]. 
The data is processed by having various techniques (supervised and unsupervised machine learning) applied to it to extract the opinion related information, and then the polarity of the sentiment is classified into either positive, neutral, or negative [44].
A basic example of sentiment analysis is shown in Table 1. The classification of some sample text is carried out, and the polarity is categorised with scores of 1 (positive), 0 (neutral) and -1 (negative) values.

	Comment
	Score
	Polarity

	Wow! Brilliant effort all around. Loved everything!
	1
	Positive

	Not bad, but it could have been better.
	0
	Neutral

	The service I have received has been absolutely appalling!
	-1
	Negative


[bookmark: _Toc87546906]Table 1 Example of polarity classification

Sentiment analysis can follow one of two approaches – a knowledge-based approach, or a learning-based approach. 

[bookmark: _Toc87546738]Knowledge-Based Approach
A knowledge-based approach to sentiment analysis utilises predefined dictionaries or databases. Two well-known databases are:
· WordNet [45], containing nouns, verbs, adjectives and adverbs which are interlinked via conceptual-semantic and lexical relations. 
· SentiWordNet [46], builds upon the prior WordNet dictionary by annotating the terms within the corpus and providing labels that state a sentiment polarity.

[bookmark: _Toc87546739]Learning-Based Approach
A learning-based approach to sentiment analysis makes use of a large labelled training dataset and does not rely on existing lexicons to store any information such as sentiment polarity labels for a given word – the larger a training dataset is, usually the greater the classification precision [4].
	These approaches generally apply the machine learning methods to utilise various classifier algorithms.

[bookmark: _Toc87546740]Classifiers
Classifiers are used to predict which of two or more classes an observation belongs to. In the case of sentiment analysis, the classifiers need to be trained to be able to distinguish between positive and negative sentiment [1, p. 61].

[bookmark: _Toc87546741]Naïve Bayes
Naïve Bayes is one of the most well-known linear statistical classifiers for probabilistic modelling, and it is also a fast and accurate supervised machine learning technique [47], [48]. naïve Bayes is based on applying Bayes’ theorem while assuming that none of the features in the input data depend on the values of any other features (hence being known as naïve) [19, p. 14]. In a basic manner, a naïve Bayes classifier attempts to assign inputs into one of the n classes (C1, C2, …, Cn) based on the input features.

						(1)

Equation (1) shows the naïve Bayes theorem:
·  is the posterior probability of A being true, given the that B is true,
·  represents the probability of B being true, given that A is true,
·  referred to as the prior belief. This is the prior belief of A being true,
·  corresponds to the prior probability of B being true.

An example of naïve Bayes being applied to a problem can be found in e-mail spam classification with an e-mail being classified into one of two filters; spam or not spam [49, p. 327], [50]. 

[bookmark: _Toc87546742]K-Nearest Neighbours
K-Nearest Neighbours (K-NN or KNN) similar to SVM, can be applied to both regression and classification tasks [51, p. 143]. 
	When applied to a classification task, the objective of the KNN algorithm is to find the  nearest data points (in a data set) to a subject data point, based on their similarity [49, p. 305]. 
	For example, take four classes (C1, C2, C3, C4),  = 3, and a new data point of X. Of the three closest neighbours for data point X, two belong to C3, one to C1, and zero belong to neither C2 nor C4. Through the nearest neighbour algorithm, the new data point (X) must belong to the C3 class, as it contains the most “nearest neighbours” (Figure 2-3).
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[bookmark: _Toc87546821]Figure 2‑3 KNN classification

There are several variants of the standard K-NN classification algorithm, which use different distance metrics such as Euclidean, Manhattan, and  Minkowski distance [52].

Euclidean Distance
A popular distance metric for a K-NN classification algorithm is the Euclidean distance, or as it is known, the straight line or “as the crow flies” [53], [54], [55, p. 72]. 
	The Euclidean distance is determined as the square root of the difference between each data point (2). 

	(2)

This is applied to an example as shown in Figure 2-4, visualising the equation and how it works.
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[bookmark: _Toc87546822]Figure 2‑4 Euclidean distance

Manhattan Distance
The Manhattan distance, or city block distance, is named due to the distance being calculated in “blocks”, similar to two points in a city (‘x’ blocks down, ‘y’ blocks over) [55, p. 72], is determined as the sum of the absolute differences between two data points, and it also the distance between objects measured along axes at right angles [56] (3). 

				(3)

The Manhattan distance is shown in Figure 2-5, highlighting the method. Either of the red or green lines can be used for example, they will provide the same result.
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[bookmark: _Toc87546823]Figure 2‑5 Manhattan distance

The Manhattan distance is able to achieve similar scores to the Euclidean distance whilst also being less susceptible to outliers [57], [58]; a comparison between the two may well provide interesting results for analysis. 

Minkowski Distance
The Minkowski distance is considered a generalisation of both the Euclidean and Manhattan distances [55, p. 73] (4).

				(4)

In some instances the Minkowski distance is able to outperform other metrics such as Euclidean and Manhattan distances [59], so again this could fare well in this project. 

[bookmark: _Toc87546743]SVM
One classifier that can outperform naïve Bayes in certain scenarios of sentiment analysis is a support vector machine (SVM). SVM is more than capable of performing several tasks such as linear or nonlinear classifications, regression and even outlier detection [20, p. 153]. Due to the versatility of an SVM, it is a powerful algorithm that can execute text classification with ease and is a very popular model in machine learning [24], [48].
	The primary goal of a SVM is to find a dividing line, or hyperplane, between classes in a dataset. Sometimes it can be difficult to find where to place the optimal hyperplane at first glance (Figure 2-6).  
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[bookmark: _Toc87546824]Figure 2‑6 Hyperplane position

An SVM utilises data points that are nearest to the hyperplane as support vectors (Figure 2-7), which are the critical points in the dataset - if these were removed then the hyperplane position would be adjusted.
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[bookmark: _Toc87546825]Figure 2‑7 SVM optimal hyperplane

SVMs are also able to excel at representing data in higher dimensions if it is difficult to distinguish data on a 2d plane [48], however this project is only dealing with binary classification as the Sentiment140 dataset training data has only positive and negative polarity values included – no neutral, else it would be trinary classification.

[bookmark: _Toc87546744]Decision Tree
Decision tree is an algorithm that can again be applied to both regression and classification tasks. 
	A decision tree follows a flowchart-like style; a top-down approach which has a binary outcome by breaking the input dataset, known as the root, into increasingly smaller subsets of data, known as child codes. 
	At each child node a question is asked, and decision made, based on a specific feature. Upon examination of the feature and the decision that is made, further child nodes can be produced if required. Otherwise, a decision has been made on the categorisation [19, p. 16], [26, p. 9], [51, p. 144], [60] as shown in Figure 2-8 with the blue nodes being child nodes, and the red nodes the category decision.
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[bookmark: _Toc87546826]Figure 2‑8 Decision tree

Decision trees are also the fundamental components that make up the random forest algorithm [20, p. 175]. 

[bookmark: _Toc87546745]Random Forest
The random forest algorithm is part of the “ensemble learning” family (a group of predictors [20, p. 189]) and involves the formation of a large number of decision trees which utilise feature randomness for each tree in attempt for them all to remain uncorrelated. The individual outputs are then convened into a final result which is decided by a majority vote system [19, p. 16], [25, pp. 697–698], [61]. This is highlighted in Figure 2-9 with several instances of decision trees, all with their own decision. The majority vote just takes a count of the class votes, and the final class decision is decided. 
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[bookmark: _Toc87546827]Figure 2‑9 Random forest

Random forest classifiers have a major advantage with computational efficiency over other classifiers, and they also do not suffer from overfitting [62]. This allows many trees to be set as a parameter and created for use within this algorithm.

[bookmark: _Toc87546746]Logistic Regression
Logistic regression, despite its name, is an algorithm which can be applied to classification tasks, as it can model the probability of an input variable belonging to a specific class [20, p. 8], [26, pp. 6–9]. It is a variation of the linear regression model which uses the sigmoid function, and as shown in Figure 2-10 the sigmoid function plots a data point between 0 and 1 [63, p. 183], [64]. 
	Figure 2-10 shows that an x value of -2 to below 0 (0 – 0.5) would return a class value of 0, and an x value of 0 to 2 (0.51 – 1.0) would return a class value of 1.
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[bookmark: _Toc87546828]Figure 2‑10 Sigmoid function

[bookmark: _Toc87546747]Evaluation Measures
The evaluation of a classification model can potentially be significantly more difficult than evaluating a regression model [20, p. 88]. Thankfully, there are many evaluation measures available to produce metrics and reports to assess the effectiveness of the classification algorithms.
	Upon completion of the sentiment analysis program, these performance measures will be employed for each algorithm used.

[bookmark: _Toc87546748]Classification Accuracy
Classification accuracy is one of the measures used to evaluate the efficiency of a model. There are four possible outcomes that could occur with a prediction [20, pp. 90–97], [65, p. 264]:
· True positive (TP) – The ratio of positive observations correctly classified as positive,
· True negative (TN) – The ratio of negative observations correctly classified as negative,
· False positive (FP) – The ratio of negative observations that are incorrectly identified as positive,
· False negative (FN) – The ratio of positive observations that are incorrectly identified as negative.

Classification accuracy is defined as the ratio of the number of correct predictions in comparison to the total number of predictions made [20, p. 89], [51, p. 103] (5).

				
(5)

[bookmark: _Toc87546749]Confusion Matrix
A confusion matrix (or error matrix) can be a better way to perform evaluation of a classification algorithm [20, p. 90], [65, p. 264]. It is a two dimensional table of the previously mentioned outcomes (TP, TN, FP, FN), calculating and allowing the visualisation of the result of the classification, or misclassification, of each class [25, p. 710], [66], as shown in an example 2x2 confusion matrix (Figure 2-11). 
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[bookmark: _Toc87546829]Figure 2‑11 Confusion matrix

The confusion matrix is also used to calculate two other important performance metrics which are precision and recall [26, p. 15].

Precision
Precision is defined as the ratio of correct positive predictions to the number of positive predictions. This includes false positives along with true positives (6) [65, p. 265], [67].


(6)

The fewer false positives that a model produces, the higher the precision, so the more relevant the results will be.

Recall
Recall is effectively the opposite of precision as it is defined as the ratio of correct positive predictions to the number of positive cases (7) [65, pp. 265–266], [67].


(7)

Higher recall values refer to the percentage of the total relevant results which have been correctly identified by the classification algorithm.

F-Score
The F-score (also known as F1 score, or F measure) is a calculation of the harmonic mean of both the precision and the recall values (8), only allowing a high F score if both the recall and precision values are high [20, p. 92], [35, p. 240], [68].


(8)

[bookmark: _Toc87546750]Receiver Operating Characteristic
The Receiver Operating Characteristic (ROC) curve plots the false positives versus true positives and produces a chart to visualise the trade-off between the two [20, p. 97], [25, p. 710] as shown in Figure 2-12. 
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[bookmark: _Toc87546830]Figure 2‑12 ROC curve

A ROC curve can only be used as a means of assessment in classifiers which return a probability of prediction [26, p. 18]. 

Area Under the ROC Curve
To acquire a score which determines the effectiveness of the given ROC curve, a calculation called Area Under the ROC Curve (ROC AUC) can be used [25, p. 710]. Taking the previous example (Figure 2-12), rather than just the visual representation, the ROC AUC can be used to simply apply a value to improve ease in determining performance between algorithms (Figure 2-13).
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[bookmark: _Toc87546831]Figure 2‑13 ROC AUC

The higher the curve, the higher the value of the AUC (Figure 2-14).
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[bookmark: _Toc87546832]Figure 2‑14 ROC AUC (2)

[bookmark: _Toc87546751]Model Fitting
Though not a metric, the fitting, or generalisability of a model is always a potential problem in machine learning. It is imperative that the model must neither overfit nor underfit, regardless of the previously mentioned performance indicators.

Overfitting
Overfitting is where the model can perform well on the training data, but it is not generalisable and is unable to be applied to another unseen data source for testing in a reliable manner [20, p. 27]. 
	Overfitting could stem from model complexity. If the model is too convoluted, or if is too vast a number of features, this could increase the variance and cause an overfitting problem [26, p. 11].
	A visualisation as shown in Figure 2-15 is an example of overfitting, and questions could be raised over how reliable it would be at classifying data based on the erratic image.

[image: Diagram

Description automatically generated]
[bookmark: _Toc87546833]Figure 2‑15 Overfitting

Two methods to help increase the generalisability and reduce overfitting are to use a lower amount of attributes (if possible), and to increase the size of the training data [25, p. 663].

Underfitting
Underfitting is where a model is unable to find a pattern in the data [20, p. 29], [25, p. 655]. It could be that the model is very simple, or that the features contained within the data do not provide enough information for the model to learn.
	A representation of a model failing to learn as shown in Figure 2-16 is an example of underfitting. Little effort has been put into learning the classification of the two different classes, and the model would likely be unable to reliably predict the class of a new data point.
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[bookmark: _Toc87546834]Figure 2‑16 Underfitting

To counter underfitting it may be a case of either developing a more complex model, or to utilise features which provide more information to enable the model to perform correctly s[26, p. 9].

[bookmark: _Toc87546752]Datasets
There exist several datasets which can potentially be suitable for this project. The most suitable two have been chosen for comparison and investigation.

[bookmark: _Toc87546753]Sentiment140
The Sentiment140 dataset was created during a research project by a team at Stanford university [2]. The dataset contains 1.6 million tweets which were gathered by using a keyword search with the Twitter API. With the researchers approach, it was assumed that any tweets with emoticons that may express happiness (“:)”) are positive, and those that may express disappointment or sadness (“:(“) are negative. The dataset contains six fields as shown in Table 2.

	Field
	Description

	0
	Tweet polarity (0 – negative, 2 – neutral, 4 – positive)

	1
	Tweet ID

	2
	Tweet date time

	3
	Query

	4
	User

	5
	Tweet content


[bookmark: _Toc87546907]Table 2 Sentiment140 field description

As one of the fields (0) is polarity, this dataset has already been annotated by the research team to provide the sentiment polarity of the given tweet, which can make this a very good dataset for performing sentiment analysis due to there already being polarity values to test against.

[bookmark: _Toc87546754]SemEval
SemEval [69] is an annual series of NLP research seminars which focus purely on making advancements within the field of semantic (Sem) analysis and evaluation (Eval). Each year, different areas of study are completed which have previously covered topics such as sentiment analysis, temporal annotation, word sense disambiguation, lexical simplification, and various other fields of interest. 
	The most recent SemEval workshops which have specifically covered sentiment analysis have been SemEval 2016 [70] and SemEval 2017 [71]. 
	The datasets for each year are attained (as per official SemEval instructions) by running a script [72], passing a text file containing the list of tweet ID’s as a parameter, this then retrieves the tweets for processing. 

[bookmark: _Toc87546755]Sentiment Analysis of Twitter Data
The integration of all prior sections leads neatly to sentiment analysis of Twitter data. A maximum character limit of 280 (previously 140) means that each tweet holds as much information as possible in as little space as required, which should help with sentiment analysis. There are dozens of studies completed on each dataset, the most recent and relevant of which will be briefly highlighted.

[bookmark: _Toc87546756]Sentiment140 Studies
The Sentiment140 dataset and research project [2] successfully introduced sentiment analysis to microblogging services, such as Twitter, and the application of certain machine learning algorithms (naïve Bayes, maximum entropy and support vector machines) coupled with various features (unigrams, bigrams, PoS tagging) was able to achieve a polarity classification accuracy of over 80%, when trained with the given Sentiment140 training dataset. The size of the training dataset along with the accuracies achieved in the research paper across various classification algorithms will be a good baseline for this project.	A research project carried out by AbdulSattar et al. [73] utilised the Sentiment140 dataset with the end goal of performing sentiment analysis via various machine learning classifiers. Rather than developing their own neural network, the team were able to use WEKA to apply various machine learning algorithms to the dataset. The results achieved through the numerous algorithms were up to 78.1% accuracy (and the lowest of 64.65%) of tweets having their polarity classified correctly. The highest scoring classifier was the random forest classifier, followed by SVM, decision table, instance based-k, and adaptive boosting.
	Dhahi and Waleed [74] successfully implements a combination of user behaviour, semantic, and lexical features for their sentiment analysis research and improve on polarity classification accuracy. Through the pre-processing stage of this project, features which are previously considered “noise” in other research (user mentions, URL’s, emoticons, hashtags, etc..) and removed are instead used as features to increase the classification accuracy. This research is carried out again using SVM, and naïve Bayes classifiers, and surprisingly this approach produced an up to 94% accuracy with the naïve Bayes classifier and 93% accuracy with the SVM classifier.

[bookmark: _Toc87546757]SemEval Studies
SemEval 2016 (task 4, subtask A) [75] covered sentiment analysis with Twitter data which the SemEval team had acquired via a Twitter-tuned named entity recognition system. The SemEval tasks include a two-point, three-point and five-point classification and quantification goal. The two-point classifies between positive and negative [76], the three-point follows on and includes neutral [77], then the five-point classification goal [78] includes strongly and weakly negative and positive levels. Each of the participating teams were able to outperform the given baseline scores, and out of the top ten performing teams, five used neural networks to a high degree. The end scores had a top accuracy of 64.6%, and when applied to earlier datasets (<2016), they also outperformed the highest ranked team algorithm for that year.
	SemEval 2017 [79] follows on from the previous years attempt at sentiment analysis with all subtasks being repeated. This time, the Twitter data also included Arabic tweets. Similarly, to the previous year, the highest scoring teams made use of neural networks and several teams utilising SVM classifiers. The evaluation method which was focussed on was average recall, with the highest two teams achieving 68.1% average recall and an accuracy of 65.1% and 65.8% respectively [80], [81]. 

[bookmark: _Toc87546758]Other Studies
There are several other sentiment analysis studies which utilise Twitter as a data source. One paper produced by Wongkar and Angdresey [82] investigated the application of three algorithms (naïve Bayes, KNN and SVM) to a dataset they were able to create using a Twitter web crawler which surrounded the public satisfaction toward the performance of the presidential candidates of the Republic of Indonesia in 2019. The NB, KNN and SVM classifiers scored 80.9%, 75.78% and 63.99% respectively with their dataset.
	One final study by Huq, Ali and Rahman [83] applied and compared a KNN and SVM model with varying features and parameters. Each model had a varying number of “Word”, “N-Gram”, “Pattern”, “Punctuation”, and “Key-based” features. From the results given it seems as though with an increase in features used, there is an increase in most performance metrics; accuracy, precision, recall and F score. The KNN algorithm outperforms the SVM algorithm at every stage with an equal number of features used.

[bookmark: _Toc87546759] Conclusion
Most of the research papers mentioned within the previous sentiment analysis of twitter data section have successfully applied several algorithms and it is easy to see which are the most effective at classifying sentiment polarity through their studies, namely naïve Bayes and SVM classifiers or neural networks.
	Much of the research has been surrounding machine learning techniques and utilising a learning-based approach to the task of sentiment analysis, rather than a knowledge-based approach using lexical resources.
	There is a large amount of information provided on how best to apply these techniques to both given datasets, along with references to documents that have already carried out their own investigations. These papers can provide a guideline as to the required evaluation performance, and it will be interesting to see how they compare.
	Upon completion of the background research, it has been decided to use the Sentiment140 dataset, and develop a program that utilises a machine learning approach to classify the sentiment of tweets into either positive or negative. This will then be followed by finally performing a comparative analysis of each algorithm applied, to determine which is the most effective for performing sentiment analysis on the Sentiment140 datasett.

[bookmark: _Toc87546760]Methodology
This section will highlight and discuss both of the research and development methodologies required for this project to be a success.

[bookmark: _Toc87546761]Research Methodology
The research methodology will outline the techniques that are used which include the philosophy, the strategy, and the three types of approaches decided upon for this project. 

[bookmark: _Toc87546762]Philosophy
The philosophy chosen for this project is a positivist philosophy. As one of the tasks is to create and test a piece of software whilst using already existing principles and theories of software engineering, it is believed that this is the most suitable for this project. It is also well suited for the type of strategy to implement.

[bookmark: _Toc87546763]Strategy
The strategy is a deductive strategy. The reason for this is that there are experiments carried out, which ensures the end product is of acceptable quality. Upon the completion of the software development, data is cultivated from the individual algorithms for evaluation and review. 

[bookmark: _Toc87546764]Approaches
There have been three approaches chosen to follow for this project. The approaches are a literature review, software development, and experiment. This will be explained in the subsequent section.

Literature Review
The first approach surrounds confirming that there exists a relevant level of knowledge to achieve process success. This is completed by reviewing relevant literature such as books, journal articles and conference proceedings, all on the given subject matter. Potential issues were highlighted during the proposal phase of this project, so evidently this is an important step. 
	Throughout a project, it is important to keep up to date with upcoming and important information surrounding the project area, so after the initial literature review, it was an ongoing process to keep well-informed about (and broaden) the knowledge gained in the project area. 

Software Development
The second approach is software development which is necessary to develop the software to be used to perform the sentiment analysis assignment. 

Experiment
Once the software development is at completion, the algorithm effectiveness is benchmarked and assessed against the Sentiment140 test dataset.
	Each algorithm has accompanying evaluation metrics which are used to provide a comparison between each one. 

[bookmark: _Toc87546765]Data Evaluation Methods
This section will outline the methods used to collect any data required throughout this project, the type of data, and how the data is evaluated.

Data Collection
The initial data collection is the Sentiment140 dataset as this is publicly available – just a simple download on one of the various repositories. The one used for this project is from Kaggle [84].
	Upon completion of the software, each algorithm that is developed produces the various evaluation metrics (accuracy, confusion matrix, precision, re-call, F-score, and ROC curve). These are gathered to carry out the formal comparison of the different algorithms.

Data Evaluation
The data gathered is evaluated by using the evaluation metrics (highlighted prior) to determine the most effective algorithm at sentiment classification for the Sentiment140 dataset. It should be the case that the higher the accuracy, the better the algorithm. However as mentioned within the literature review there are other metrics at hand that can negate that theory such as model fitting issues. 

[bookmark: _Toc87546766]Ethics
During the initial investigation and proposal of the project, an ethical issue was identified due to the original plan involving developing a web crawler to collect tweets. This would have been a grey area and against the Twitter acceptable usage policy and terms and conditions. Instead, a pre-existing dataset will be used.
	Most personally identifying information in the dataset has already been removed by the Stanford university team. The username is still present within the dataset along with a tweet ID, so these will be deleted. There is nothing else to link a tweet to a person. 

[bookmark: _Toc87546767]Risks 
The main risk for this project is the capability of the hardware used. The machine used has, historically, struggled with machine learning tasks as it is not of high specification. However, a workaround has been used previously with great success in a classification project; the Google Colab platform [85]. As this project is larger than the previous work, there are alternatives to Google Colab which will be outlined in the resources section.
	The second risk is possibly the failure to develop the proposed software. This should not come to be an issue as there is already a history with software development due to acquiring an undergraduate degree in software engineering. Though there is not a plethora of experience with the language to be used, previously through this course other languages (R) have been taken to with relative ease.

[bookmark: _Toc87546768]Validity, Reliability & Generalisability
The validity of this project can be asserted due to the use of a dataset containing real-world data. This data has not been generated by the dataset producers, nor is it artificial.
	The reliability of this project can be ascertained by utilising a consistent approach outlined within this report, and to ensure that the theory behind the practical element is understood and appropriately applied. If the project is to be repeated, it must be confirmed that the same algorithms are applied to the same dataset. If this is mirrored, the project will be reliable.
	As the project progresses and the model is developed from the software, the model will be able to be applied to further tweet data and extended to other datasets. This makes the project generalisable.

[bookmark: _Toc87546769]Development Methodology
The development methodology will now outline the two methodologies to be used. This is a mixed methodology project as there is an equal amount of data mining as there is software development; both will be explained here.

[bookmark: _Toc87546770]Data Mining Methodology
As this project must first involve data mining, an appropriate data mining methodology must be executed to ensure the data is in a practical state for processing with the software. The Cross-Industry Standard Process for Data Mining (CRISP-DM) methodology is used to work towards understanding the data via data exploration, preparing the data for, and performing, data pre-processing, and the evaluation of the data from the dataset.

[bookmark: _Toc87546771]Software Development Methodology 
Upon completion of the data mining processes, the software development began. Though there is no specific development methodology for machine learning projects, it was decided that a Feature Driven Development (FDD) methodology will be employed.
	FDD fits well with single person projects and allows continuous and frequent software releases with the completion of different features.

[bookmark: _Toc87546772]Resources
Outlined here will be the main hardware and software resources required to complete this project.

[bookmark: _Toc87546773]Hardware Resources
It should be a case of only one piece of hardware being used; a computer. As explained in the risks section, there may be some issues with the device limitations, however the computer is still needed to complete the code and perform the evaluation.
	A machine with at least 16GB RAM and a powerful CPU with multiple cores and a fast clock rate, such as one of the newer generations from the Intel Core i9 family [86].

[bookmark: _Toc87546774]Software Resources
Due to its suitability for machine learning tasks, the software is to be developed using the Python programming language [87]. For this, Jupyter Notebook [88] from within the Anaconda program [89] is to be used. 
	Several Python libraries are to be used in the production of the software:
· spaCy [90],
· NumPy [91], 
· pandas [92],
· Matplotlib [93],
· Natural language toolkit (NLTK) [94],
· seaborn [95],
· wordcloud [96],
· tweet-preprocessor [97],
· scikit-learn (sklearn) [98].

Tableau [99] will be used for graphing and visualisation of results.
	If there are problems with the current hardware, then Microsoft Azure Machine Learning Studio [100] will be used to complete the project. There are some limitations with this service in that it is credit based, and there are limits to the hardware available on a compute instance for a student subscription, with a maximum of four cores and 14GB RAM [101]. 

[bookmark: _Toc87546775]Conclusion
With the research and development methodologies outlined, the practical part of the project will now begin with the implementation and development of the various machine learning classifiers in the next section.


[bookmark: _Toc87546776]Implementation
As described in the prior methodology section, a CRISP-DM methodology must first be applied to the dataset to understand, prepare, model, and evaluate the data. 
	The discussion and justification of the dataset chosen, the initial exploration and visualisation of the dataset, the required and relevant pre-processing performed on the data will be outlined in order.
	Upon completion of the steps required in the CRISP-DM methodology, a feature driven development methodology will then be employed for the development of the required software for this project. Each algorithm will be developed, trained, and tested, to ensure the model is accurate and generalisable.
	Once all the algorithms are developed, trained, and models available, the evaluation will commence.

[bookmark: _Toc87546777]Dataset
The dataset selected for the project is the Sentiment140 dataset from the Stanford university. The SemEval data could well be a useful dataset, however, due to it not being readily available in a repository like the Sentiment140 dataset, there is the chance that some of the data could be edited or missing as the script to retrieve the tweets would need to be executed now to compile the list of tweets selected by the SemEval team.
	Upon the initial data investigation period, it is found that there are no tweets which are scored with a neutral polarity – only positive or negative. As per the Stanford paper, the research performed does not consider any neutral tweets in neither the training data file nor test data file. The reason for this was given as many tweets do not have a form of sentiment and are seen as objective, rather than subjective [2]. Due to the need to classify sentiment, the data to be investigated is required to be subjective in that it must be influenced by personal feelings or opinion.

[bookmark: _Toc87546778]Business Understanding
As outlined in both the literature review and the introduction, the problem definition for this project is that there is a requirement for businesses and organisations to acquire tools which can perform sentiment analysis to evaluate end user opinion and provide insight into the opinion and reception of newly released products and services, or the companies themselves. The results of sentiment analysis can highlight to a company where any improvement can be made, and they would then be able to allocate resource to developing this area, or the result can provide emphasis to what a company is doing right and to continue as they are. From this, business questions can be raised such as:
· Can machine learning be used to perform sentiment analysis on Twitter data?
· How successful could this model be in terms of prediction accuracy?

To repeat from the beginning of this report, the project objectives are as follows:
· Perform data exploration and analysis of a dataset,
· Perform data cleaning on a dataset,
· Develop a software which can perform sentiment analysis on a dataset,
· Train the developed software with the dataset,
· Test the developed software to ensure it is fit for purpose,
· Analyse the produced data from the software and produce an evaluation on the results, determining which classification algorithm is best suited for sentiment analysis of the given dataset,
· Answer any business questions that are to be determined through the CRISP-DM process.

[bookmark: _Toc87546779]Data Exploration
On completion of the business understanding, the next step in the CRISP-DM process is to understand the data. Data exploration has been carried out to first understand the dataset and provide visualisation of the data which can also lead to potentially interesting areas of investigation.

[bookmark: _Toc87546780]Value counts
The dataset is already known to contain 1.6 million records from the dataset description and the shape of the data frame, but the balance of the two classifications is not yet known. By using the value counts, it is possible to see the value count for the specified attribute - polarity.
	As seen in Figure 4-1, there is a count of 800,000 records for both positive (4) and negative (0) classes, therefore it is reasonable to say this dataset is currently perfectly balanced.
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[bookmark: _Toc87546835]Figure 4‑1 Positive and negative value counts

[bookmark: _Toc87546781]Missing Values
Missing values can originate from various sources and can cause problems with most machine learning algorithms [20, p. 63]. Missing values are typically dealt with by data imputation techniques [26, p. 6].
	The main concern would be the polarity or content missing values, however with this dataset there are no N/A or NULL values as highlighted in Figure 4-2 and Figure 4-3.
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[bookmark: _Toc87546836]Figure 4‑2 Sum of NA values
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[bookmark: _Toc87546837]Figure 4‑3 Sum of NULL values

As missing values are not a problem with this dataset, there is no need to perform any pre-processing specifically for N/A or NULL values and the next data exploration step can be performed.

[bookmark: _Toc87546782]Duplicate Values
As duplicate values can potentially skew the outcome of a model, it is important to investigate if there are any within the given dataset.
	From Figure 4-4, it is shown that there are several thousand duplicate tweets in the dataset.
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[bookmark: _Toc87546838]Figure 4‑4 Duplicate tweets

Out of the total 1.6 million tweets, 1,581,466 are unique and 18,534 are duplicates (approximately 1.158%). These are to be dealt with in the pre-processing stage.

[bookmark: _Toc87546783]Tweet Word Count
Before and pre-processing is carried out, some visualisation was performed on the tweets. The tweets were split into negative and positive, to help with visualisation, and upon checking the word count of the tweets almost all the tweets a word count of less than 30, with most tweets being ten or less words (Figures 4-5 and 4-6).
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[bookmark: _Toc87546839]Figure 4‑5 Positive tweet word count
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[bookmark: _Toc87546840]Figure 4‑6 Negative tweet word count

The figures show a possibility of another subset of data, due to the double hump in the graph. This can be further investigated after completion of the main project requirements.

[bookmark: _Toc87546784]Word Cloud
A word cloud can visualise common words within a series of text. The larger the word, the more frequent it occurs. As can be seen in Figure 4-7, some of the largest words are ‘love’, ‘lol, and ‘thank’.
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[bookmark: _Toc87546841]Figure 4‑7 Positive tweet word cloud

Figure 4-8 highlights the common words associated with the negative sentiment tweets.
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[bookmark: _Toc87546842]Figure 4‑8 Negative tweet word cloud

The visualisation of the word clouds has also highlighted the need to deal with special characters (quot, amp) during the pre-processing stage.

[bookmark: _Toc87546785]Pre-Processing 
As part of the data preparation stage of the CRISP-DM methodology, and typically one of the largest parts of a data science project, the pre-processing stage concerns itself with ensuring the data is in a state in which the machine learning can be completed by processing the data correctly.

[bookmark: _Toc87546786]Dataset Structure
One of the first parts of the data cleaning for this project is the structure of the data – processing dataset attributes that are not required.

Duplicate Handling
As highlighted in the duplicate values section, just under 1.6% of tweets are duplicates – a total of 18,534. 
	Due to the nature of the data to be used (tweet content – opinions), it would be extremely difficult to impute any records to prevent data loss. As this is a relatively small amount, the choice has been made to remove these tweets from the dataset.
	On execution of the function to drop any duplicates, there remain 1,581,466 tweets (Figure 4-9).
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[bookmark: _Toc87546843]Figure 4‑9 Duplicate tweet removal

Column Handling
The only two relevant columns for this project are the tweet content and the sentiment classification. All other columns have been dropped as they are either deemed unnecessary, or they contain potentially identifying information (username). The remaining dataset is shown in Figure 4-10.
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[bookmark: _Toc87546844]Figure 4‑10 Unnecessary column removal

The dataset is now in a state where there are no more duplicate records, and column selection has been completed to proceed and carry on with ensuring the data itself is in a condition to allow the classification algorithms to work with it.

[bookmark: _Toc87546787]Data Cleaning
The data cleaning will involve various methods to remove unwanted elements in the tweet content, such as a URL, a hashtag, a user mention, and special characters. 

Lower Case Conversion
The conversion of upper case to lower case letters can help with improving accuracy scores by ensuring the input is uniform [102]. This has been performed by simply calling a string conversion function within python to fulfil this task (Figure 4-11). 
	This was completed as the first cleaning task as other tasks such as expanding acronyms will be faster. 
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[bookmark: _Toc87546845]Figure 4‑11 Lowercase function

The “.lower(string)” function is simple enough to not require a function, however this was added just to show example conversion (Figure 4-12).
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[bookmark: _Toc87546846]Figure 4‑12 Lowercase conversion

Abbreviation and Acronym Expansion
As every tweet is also lower case from the previous data cleaning step, there is no need to check for upper case abbreviations.
	To ensure the input is consistent across every tweet, any abbreviations or acronyms in the tweet content have been expanded. The list is a simple .json file containing the abbreviation, and the correlated expansion (Figure 4-13).
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[bookmark: _Toc87546847]Figure 4‑13 Abbreviation .json file samples

The code (Figure 4-14) loads in the json file and saves it as “abbreviationList”. The function to expand the abbreviations searches through the list, and if the value is found it is replaced.
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[bookmark: _Toc87546848]Figure 4‑14 Abbreviation expansion function

As previously mentioned, the lowercase conversion was completed first to help reduce the time to run these functions. Figure 4-15 fails to expand an uppercase abbreviation.
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[bookmark: _Toc87546849]Figure 4‑15 Abbreviation expansion example

However, as shown in Figure 4-16 the function successfully expands “lol” into “laughing out loud”.
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[bookmark: _Toc87546850]Figure 4‑16 Abbreviation expansion example (2)

Emoji Conversion
As an emoji can be used to show emotion, rather than removing these entirely it was decided to replace them with a word which relates to their emotion. For example, the “:)” emoji can be substituted with happy, “:(” can be replaced with sad. 
	This process is completed in a simple way, the same as the above abbreviation expansion (Figures 4-17 and 4-8).
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[bookmark: _Toc87546851]Figure 4‑17 Emoji conversion
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[bookmark: _Toc87546852]Figure 4‑18 Emoji conversion (2)

URLs, Hashtags, and User Mentions
A URL, hashtag, and a user mention, though can be tokenised, provides no meaningful input to a tweet in terms of sentiment analysis as the algorithms only process the text content of the tweet. It is more productive to remove these, so only relevant content is analysed by the classifiers.
	By using the tweet-preprocessor library [97] and specifying to remove URL, user mentions, hashtags, and reserved words, it is simple to call the “.clean(string)” function which can successfully process the removal the chosen parameters (Figure 4-19).
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[bookmark: _Toc87546853]Figure 4‑19 Pre-processor cleaning example

Punctuation Removal
The removal of any apostrophes within words will have been taken care of by the abbreviation expansion function, however, there remain other punctuation characters such as question marks and exclamation marks. 
	A function was written that performs a translation on any punctuation within a string, and just removes it (Figure 4-20).
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[bookmark: _Toc87546854]Figure 4‑20 Remove punctuation function

As shown in Figure 4-21, the three punctuation characters are successfully removed from the given sentence. 
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Description automatically generated with medium confidence]
[bookmark: _Toc87546855]Figure 4‑21 Remove punctuation example

The expansion of “how’re” to “how are” would have been taken care of by a previous step – it is just included here to show the punctuation removal.

Stop Word Removal
The stop words are set using the stopwords library from NLTK [94]. The English stopwords (Figure 4-22) are used for this project and comprise of 179 words which add no meaningful value to a tweet in terms of NLP.
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[bookmark: _Toc87546856]Figure 4‑22 Stopword samples

Figure 4-23 shows the code for this function. The stopwordList is set using the specified corpus. If a word is not in the stopwordList, it is appended to the sentence and returned.
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[bookmark: _Toc87546857]Figure 4‑23 Stopword removal function

Figure 4-24 shows the stopword removal function working and successfully removing four stopwords.
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[bookmark: _Toc87546858]Figure 4‑24 Stopword removal example

Lemmatisation
The spaCy library [90] is used to perform lemmatisation tasks. Figure 4-25 shows the definition of the lemmatiser using the ‘en_core_web_sm’ package. spaCy works by tokenising the sentence, then lemmatising any words which appear in its language data.
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[bookmark: _Toc87546859]Figure 4‑25 Lemmatisation function

Figure 4-26 shows this in an example, with the return value containing the lemmata.
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[bookmark: _Toc87546860]Figure 4‑26 Lemmatisation example

Combined Data Cleaning
All previous steps are combined into one function (cleanTweet()) to carry out all required data cleaning at once for each tweet (Figure 4-27).
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[bookmark: _Toc87546861]Figure 4‑27 Combined data cleaning function

Figure 4-28 shows all data cleaning steps being completed on an example tweet and the resulting tweet returned for processing by the classifiers.
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[bookmark: _Toc87546862]Figure 4‑28 Combined data cleaning example

[bookmark: _Toc87546788]Label Encoding
The target labels are encoded using the SciKit Learn label encoder [103]. This step simply provides a target label with a value between 0 and n_classes-1. This is to distinguish the different classes during the upcoming classification task.

[bookmark: _Toc87546789]Classifier Training
When the data is in a state to perform machine learning tasks, the data fitting and optimisation of the machine learning algorithms begins. This section will highlight the hyperparameter tuning completed to improve the classifiers.
	The hyperparameters used are not the only available ones for tuning; there are several additional parameters available (depending on the classifiers), however as this project is already computationally expensive with the number of records available and the way that GridSearchCV works, they have not all been included as some classifiers (such as SVM and random forest) have up to 17 different hyperparameters available for tuning.

[bookmark: _Toc87546790]GridSearchCV
To assist with hyperparameter tuning, GridSearchCV [104] has been used on each classifier. GridSearchCV can generate, and fit models from a grid of manually specified parameters. 
	GridSearchCV parameters take the classifier, the parameter grid, the integer value for the cross validation splitting strategy, and the score measure (accuracy, roc_auc, precision, f1, and so on) as shown in Figure 4-29.
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[bookmark: _Toc87546863]Figure 4‑29 GridSearchCV parameters

Upon initialisation, GridSearchCV then can perform automatic evaluation on the spawned models and retain the best combination of parameters found. Due to the way GridSearchCV works, in that it produces and runs a model with every parameter combination specified, it can be extremely time consuming with already complex models such as SVM or KNN. Because of this, and the time complexity of several algorithms, the decision was made to reduce the number of hyperparameters from the original algorithm and the record numbers used was capped at 400,000 rather than the full 1,600,00. 
	Upon testing algorithms with only 50,000 records, the SVM classifier breached the 14-hour runtime mark to complete, and when attempted on the 400,000 records the classifier approached a full 48 hours of runtime with no hint of completion. It was deemed impractical to continue with this classifier due to increasing Azure costs, and time constraints, for the project. This classifier was not utilised on the 400,000 records, however, the results are still produced for the 50,000 record run and are shown in Appendix A.
	To perform validation through this stage, the algorithm will perform StratifiedKFold cross validation (default for binary classification tasks) with a fold value of 3.
	To reinforce the hyperparameter decisions made by GridSearchCV, various graphs have been produced for evaluation to ensure that the parameter choices are justified. Each model outputs results to a .csv file and these are plotted and visualised in Tableau.

[bookmark: _Toc87546791]Naïve Bayes
The multinomial naïve bayes classifier has two main hyperparameters which can be modified [105]:
· Alpha – also known as Laplace smoothing, assists in solving the zero-probability problem. Floating point parameter,
· Fit_prior – whether class prior probabilities are learned, or if a uniform prior is used. Boolean parameter.

The hyperparameter values passed into GridSearchCV are shown in figure 4-30 (nb_params), with various alpha values ranging from 0.00001 to 25, along with the fit_prior set as either ‘True’ or ‘False’.
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[bookmark: _Toc87546864]Figure 4‑30 Naïve Bayes algorithm

Upon completion of the algorithm, the best score for the accuracy on the training dataset was 76.21%, and the best hyperparameters as highlighted in Figure 4-31 show that the ‘alpha’ parameter being set to 1.5 and the ‘fit prior’ parameter being set to false. The runtime for this classifier is also displayed as 39.6 seconds for it to finish fitting the training data.
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[bookmark: _Toc87546865]Figure 4‑31 Naïve Bayes results

As this classifier only has two main parameters, the results are easily visualised (Figure 4-32), and the best score and parameter output from GridSearchCV are justified with the highest mean accuracy across all folds.
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[bookmark: _Toc87546866]Figure 4‑32 Naïve Bayes results

The “fit prior” parameter made little impact between the results as both lines in the graph overlap, however it is clear that there is a steep incline with the lower alpha parameter with a slow decline after the optimum alpha value is passed.

[bookmark: _Toc87546792]KNN
The KNN classifier has several hyperparameters which can be changed [106]. The two which were compared were the number of neighbours and the distance metric:
· N_neighbors – the number of neighbouring data points to use when classifying a specified data point. Integer parameter,
· Metric – the distance metric, with the choice of Minkowski, Manhattan, or Euclidean as discussed within section 2.6.2.1 through 2.6.2.3. String parameter.

The GridSearchCV arguments for the hyperparameters are shown in Figure 4-33 as “knn_params”.
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[bookmark: _Toc87546867]Figure 4‑33 KNN algorithm

On algorithm completion, the highest accuracy score for the training dataset was 68.08% with the best parameters being the Manhattan metric, and the number of neighbours set to 20, as highlighted in Figure 4-34. It is also worth noting the run time for this algorithm (shown as the wall time) being 9 hours and 29 minutes to successfully fit the training data. 
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[bookmark: _Toc87546868]Figure 4‑34 KNN best score and parameters

To confirm the results, the mean test score was plotted against the number of neighbours (Figure 4-35). The Minkowski and Euclidean distances provides very similar results and are overlapped. The Manhattan distance metric is the highest performing metric along with 20 neighbours, providing an accuracy score of 68.08%.
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[bookmark: _Toc87546869]Figure 4‑35 KNN results

[bookmark: _Toc87546793]Logistic Regression
Logistic regression [107] has a large number of hyperparameters which are available for modification. One of the main hyperparameters is the solver to be used in the algorithm. These solvers were compared:
· Solver – as per the documentation, the ‘sag’ and ‘saga’ solvers are faster for larger datasets. There are two further options of ‘newton-cg’ and ‘lbfgs’ which are also included in the pipeline for comparison.

The arguments provided to GridSearchCV are shown in Figure 4-36 and the logistic regression GridSearchCV object is then created.
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[bookmark: _Toc87546870]Figure 4‑36 Logistic regression algorithm

When the algorithm completes, the best score was 76.85% and the best performing solver being ‘saga’, as shown in Figure 4-37. A runtime of 30 minutes for this classifier to complete the fitting of the training data.
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[bookmark: _Toc87546871]Figure 4‑37 Logistic regression best score and parameters

Figure 4-38 highlights the fact that all the solvers perform almost equally, with the ‘saga’ solver outperforming the others by only 0.01%. This could be further investigated by additional hyperparameters being investigated, however the addition of any parameter, for example ‘penalty’ (which adds a specified penalty of either l1, l2 or none) would increase the compute time to such a level that the kernel was interrupted after breaching 24 hours – a considerable difference to only 30 minutes.
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[bookmark: _Toc87546872]Figure 4‑38 Logistic regression results

[bookmark: _Toc87546794]Decision Tree
Decision tree [108] has several hyperparameters which can be modified, namely the criterion, minimum samples per split, and minimum samples per leaf:
· Criterion – the function which can measure the quality of a split. The choices are either “gini”, for the Gini impurity, or entropy for the information gain,
· Min_samples_split – the minimum number of samples required to split a node,
· Min_samples_leaf – the minimum number of samples requires to be at a leaf node.

The algorithm is shown in Figure 4-39, with the above hyperparameters being tuned with different values.
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[bookmark: _Toc87546873]Figure 4‑39 Decision tree algorithm

The decision tree results are shown in Figure 4-40, with a best score of 71.98%, and the best parameters being a ‘gini’ criterion, ‘minimum samples per leaf’ of 6, and ‘minimum samples per split’ at 5. The runtime for the fitting of the training data to this classifier was also 1 hour and 40 minutes.
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[bookmark: _Toc87546874]Figure 4‑40 Decision tree best score and parameters

Figure 4-41 confirms that the ‘gini’ criterion outperforms the ‘entropy’ criterion, but again only by a relatively small amount when testing with the same leaf and split values.
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[bookmark: _Toc87546875]Figure 4‑41 Decision tree results

[bookmark: _Toc87546795]Random Forest
Random forest [109], as an extension to the decision tree classifier, has similar hyperparameter options available for tuning. The main ones selected for comparison are the number of estimators, criterion, minimum samples per split, and again the minimum samples per leaf. Three of the hyperparameters are described above in the decision trees section, the only difference being the number of estimators, which is simply the number of decision trees in the forest.
	The same values from the decision tree classifier were used, with the addition of the number of estimators (‘n_estimators’) having various integer values set for comparison (Figure 4-42).
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[bookmark: _Toc87546876]Figure 4‑42 Random forest algorithm

The random forest has produced a best score of 74.88%, with the ‘gini’ criterion as the better criterion, ‘minimum samples per leaf’ of 3, ‘minimum samples per split’ of 6, and ‘number of estimators’ of 25 as shown in Figure 4-43. The fitting of the training data for this classifier is also 4 hours and 33 minutes.
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[bookmark: _Toc87546877]Figure 4‑43 Random forest best score and parameters

Figure 4-44 displays the comparison between the ‘entropy’ and ‘gini’ criterion parameters, with the highest score and parameters confirming what the previous Figure 4-43 states.
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[bookmark: _Toc87546878]Figure 4‑44 Random forest results

[bookmark: _Toc87546796]Training Results
The data gained from the training section may provide an insight into which classifier may perform best on the test data, or at least provide baseline scores to ensure there is not a potential issue with the overfitting or underfitting of data (Table 3).

	Classifier
	Accuracy Score (%)

	Naïve Bayes
	76.214

	KNN
	68.08

	Logistic Regression
	76.85

	Decision Tree
	71.98

	Random Forest
	74.88


[bookmark: _Toc87546908]Table 3 Training accuracy

From these results, the logistic regression and naïve bayes seem to be the best performing models, but this still requires validation and evaluation. 

[bookmark: _Toc87546797]Conclusion
With the training complete for each classifier, the models will need to be applied to the test dataset which was created during the train/test split. The produced results will then be gathered and discussed in order to gain insight into the effectiveness of the individual models.

[bookmark: _Toc87546798]Results
This section outlines the individual classifier results (confusion matrices, classification reports, and ROC AUC scores) which are produced from the application of the various trained models to the test dataset. The results are then discussed, and any key points are raised.

[bookmark: _Toc87546799]Naïve Bayes
On application of the produced naïve Bayes model to the test data, the naïve Bayes model has successfully classified 47,666 negative (0) and 43,551 positive (1) tweets as per the confusion matrix which has been produced (Figure 5-1). 
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[bookmark: _Toc87546879]Figure 5‑1 Naïve Bayes confusion matrix

A total of 91,217 correctly identified tweets when classifying the test data of 120,000.
The classification report for the naïve Bayes model (Figure 5-2) has produced some very well-rounded figures for each of the metrics discussed in section 2.7.2, with an accuracy of 76%. There is also a high precision and recall score meaning that the results are relevant, and they are also correct, hence the high F score.
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[bookmark: _Toc87546880]Figure 5‑2 Naïve Bayes classification report

The ROC AUC score for the naïve Bayes model is 83.53, as shown in Figure 5-3 with the curve being visualised.
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[bookmark: _Toc87546881]Figure 5‑3 Naïve Bayes ROC

[bookmark: _Toc87546800]KNN 
The confusion matrix produced for the KNN model when applied to the test dataset was able to successfully classify 40,506 negative and 42,254 positive tweets (Figure 5-4), a total of 82,760 correctly classified tweets.
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[bookmark: _Toc87546882]Figure 5‑4 KNN confusion matrix

The classification report generated for the KNN model (Figure 5-5) again produces relatively similar results across the board, swapping precision and recall scores, and with an equal F score. There is an accuracy of 69% for this classifier against the test dataset.
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[bookmark: _Toc87546883]Figure 5‑5 KNN classification report

The ROC AUC score for the KNN model is a respectable score at 76.02, as shown in Figure 5-6 where the curve has been visualised. The ROC curve does have a slight bump toward the upper end, however.
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[bookmark: _Toc87546884]Figure 5‑6 KNN ROC

[bookmark: _Toc87546801]Logistic Regression
44,4835 negative and 47,136 positive tweets are correctly identified by the logistic regression model as per Figure 5-7 - a total of 91,971 tweets correctly classified.
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[bookmark: _Toc87546885]Figure 5‑7 Logistic regression confusion matrix

The classification report for the logistic regression model looks impressive, with scores relatively high across the board (Figure 5-8), proving that there are a low number of false positives, and the identified results are relevant from the recall score. The end accuracy is 77%, which is the highest accuracy so far.
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[bookmark: _Toc87546886]Figure 5‑8 Logistic regression classification report

Figure 5-9 shows the ROC AUC score for the logistic regression model at 84.24, with a very smooth curve. 
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[bookmark: _Toc87546887]Figure 5‑9 Logistic regression ROC

[bookmark: _Toc87546802]Decision Tree
The confusion matrix for the decision tree model (Figure 5-10) reveals that 43,772 negative tweets, and 43,331 positive tweets are correctly labelled. A total of 87,103 correctly labelled tweets.  
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[bookmark: _Toc87546888]Figure 5‑10 Decision tree confusion matrix

All metrics produced from the confusion matrix, as shown in the classification report in Figure 5-11, are all over 70% again, and all very similar. There is an accuracy of 73% for this model.
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[bookmark: _Toc87546889]Figure 5‑11 Decision tree classification report

The ROC AUC score for the decision tree model is 79.46 and the resulting curve is presented in Figure 5-12.
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[bookmark: _Toc87546890]Figure 5‑12 Decision tree ROC

[bookmark: _Toc87546803]Random Forest
The final classification report produced for the random forest model (Figure 5-13) shows that 45,989 negative tweets, and 44,545 positive tweets are correctly classified, a total of 90,534.
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[bookmark: _Toc87546891]Figure 5‑13 Random forest confusion matrix

The last classification report produced for this model (Figure 5-14) again has very close results across all three metrics of precision, recall and F score. There is a final accuracy of 75%.
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[bookmark: _Toc87546892]Figure 5‑14 Random forest classification report

The ROC AUC score for the random forest model is 83.11, as shown in Figure 5-15, and there is again a relatively smooth curve displayed.
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[bookmark: _Toc87546893]Figure 5‑15 Random forest ROC

[bookmark: _Toc87546804]Conclusion
From the data displayed within this section, it is possible to see which classifier has performed the best with the task outlined for this project. However, it is not glaringly obvious as it is relatively close. The upcoming evaluation section will combine the results for each evaluation metric, and provide a definite answer as to which model is the highest performing classifier for this task.

[bookmark: _Toc87546805]Evaluation
The evaluation is now carried out in order to determine which is the most suited classifier for the task of sentiment analysis on the Sentiment140 dataset.
	Various metrics are taken into consideration when performing the final analysis, and several visualisations are produced to assist with making the decision and provide additional evidence to bolster the decision as to which classifier provides the highest performance.

[bookmark: _Toc87546806]Accuracy
The main metric for any classification task (with others being “support” metrics to validate this), accuracy is key to determine the effectiveness of these models.
	As shown in Figure 6-1, four out of five models achieve an accuracy of over 70%, with the top score being logistic regression at 76.643% closely followed by naïve Bayes with an accuracy score of 76.014% - a score difference of only 0.629%. The lowest accuracy score is the KNN model with an accuracy of 68.967%.
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[bookmark: _Toc87546894]Figure 6‑1 Accuracy comparison

[bookmark: _Toc87546807]Precision
The precision (or the relevance of the results) scores are shown in Figure 6-2. Logistic regression is the highest with a score of 76.69%, followed again by naïve Bayes with a score of 76.13% (a difference of only 0.56%). The higher score of logistic regression means that this model produces the lowest number of false positives out of the group. Again, the KNN classifier has the lowest performance at 68.99% precision.
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[bookmark: _Toc87546895]Figure 6‑2 Precision comparison

[bookmark: _Toc87546808]Recall
A higher recall means that the model is able to correctly identify the relevant results. Following the trend of the prior metrics, as shown in Figure 6-3 logistic regression once again outperforms the other models with a score of 76.64%, and naïve Bayes coming just after again, with a score of 76.01%. KNN is again the lowest scoring model in this metric with a score of 68.97%.
[image: Chart, bar chart

Description automatically generated]
[bookmark: _Toc87546896]Figure 6‑3 Recall comparison

[bookmark: _Toc87546809]F-Score
The F-score metric can only be high if the prior precision and recall metrics are also high. As both precision and recall metrics are similar across every classifier, the F-scores will reflect this. As shown in Figure 6-4 each classifier has similar scores to both their precision and recall scores, with logistic regression surpassing every model again with an F-score of 76.63%, and naïve Bayes close behind with an F-score of 75.99%.
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[bookmark: _Toc87546897]Figure 6‑4 F-score comparison

[bookmark: _Toc87546810]ROC
The ROC allows the visualisation of True Positive Rate (TPR) vs False Positive Rate (FPR). As shown in Figure 6-5, the logistic regression model once again appears to have the better result, followed again by the naïve Bayes model, with the KNN model being the lowest performing model.
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[bookmark: _Toc87546898]Figure 6‑5 ROC curve

The ROC AUC score (Figure 6-6) helps with providing a numerical value to the ROC score, so it can be easier to understand the performance of each model and how it is related to the previous ROC curve in Figure 6-5. It justifies the curve, and confirms the performance of the models with logistic regression performing better and KNN achieving the lowest score.
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[bookmark: _Toc87546899]Figure 6‑6 ROC AUC comparison

[bookmark: _Toc87546811]Runtime
The runtime for the test data will be faster than the training data as the model is now only fitting test data, performing predictions and predicting probabilities. As shown in Table 4, the naïve Bayes classifier by far takes the winning spot for fastest runtime at only 0.115 seconds, followed by logistic regression with a runtime of 25.6 seconds. Again, the KNN classifier is the lowest performing in the final comparison metric with a runtime of 59 minutes and 23 seconds.

	Classifier
	Runtime

	Naïve Bayes
	00:00:00.115

	KNN
	00:59:23

	Logistic Regression
	00:00:25.6

	Decision Tree
	00:02:26

	Random Forest
	00:00:09.82


[bookmark: _Toc87546909]Table 4 Runtime comparison

Clearly runtime can have a large impact on any business, so this would need to be taken into consideration.

[bookmark: _Toc87546812]Cross Validation
To further bolster the statement that the logistic regression model is the better model for this task, cross validation was performed on each model with a fold value of 10. The results are then produced and shown in Table 5, further being visualised in Figure 6-7.

	Fold
	Naive Bayes
(%)
	KNN
(%)
	Logistic Regression (%)
	Decision Tree (%)
	Random Forest (%)

	1
	76.1179
	68.8429
	76.7143
	72.0071
	75.3393

	2
	76.3750
	69.0964
	76.9786
	72.6250
	75.4429

	3
	76.2286
	69.2679
	77.0107
	72.8071
	75.3964

	4
	76.4500
	69.0214
	77.0571
	72.6357
	74.9321

	5
	76.0750
	69.0179
	76.5607
	72.5429
	74.9714

	6
	76.2714
	69.3107
	77.0286
	72.6857
	75.3643

	7
	76.2857
	68.2893
	76.7714
	72.4536
	75.0536

	8
	75.9179
	69.3286
	76.7750
	72.7429
	75.4536

	9
	76.1179
	68.2607
	76.4929
	72.2821
	74.6821

	10
	76.2964
	69.0214
	77.0714
	72.4500
	75.3214

		

	Max (%)
	76.4500
	69.3286
	77.0714
	72.8071
	75.4536

	Min (%)
	75.9179
	68.2607
	76.4929
	72.0071
	74.6821

	Range
	0.5321
	1.0679
	0.5785
	0.8000
	0.7715

	Median (%)
	76.2500
	69.0214
	76.8768
	72.5839
	75.3304


[bookmark: _Toc87546910]Table 5 Cross validation scores

All folds of the cross fold validation are similar between across each classifier, with no worrying outliers. Logistic regression and naïve Bayes showing to be the most consistent with the lowest range between the maximum and minimum values. These values are visualised in Figure 6-7.
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[bookmark: _Toc87546900]Figure 6‑7 Cross validation results

As shown, the logistic regression model outperforms all other models consistently through each fold, and KNN is consistently the lowest performing.
	The model which comes closest to achieving a similar accuracy to the logistic regression model is the naïve Bayes model (Figure 6-8).
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[bookmark: _Toc87546901]Figure 6‑8 Cross validation naive Bayes vs logistic regression

[bookmark: _Toc87546813]Fitting
One final measure is to ensure there are no problems with overfitting or underfitting, as the model needs to be generalisable, and needs to successfully find patterns in data. Ideally a similar training and testing accuracy score would be better, however a slight difference between the two should not cause much of a problem. 
	The results from section 4.5.7 for the training accuracy are shown and pitted against the results from this evaluation section (Table 6), indicating a very small difference in values between the two sets. Each of the models seem to cope well with the fitting of the data, so it is fair to say that they are generalisable and should be able to handle future data input.

	Classifier
	Training Accuracy Score (%)
	Test Accuracy Score (%)

	Naïve Bayes
	76.214
	76.01

	KNN
	68.08
	68.97

	Logistic Regression
	76.85
	76.64

	Decision Tree
	71.98
	72.59

	Random Forest
	74.88
	75.45


[bookmark: _Toc87546911]Table 6 Training vs test accuracy

[bookmark: _Toc87546814]Conclusion
The developed models are able to correctly classify the sentiment polarity of a tweet in up to 77% of the time, therefore the business question of whether machine learning can be effectively utilised in order to predict sentiment polarity of tweets, has been answered with a “yes”. So too has the question regarding the effectiveness of the prediction accuracy.
	The evaluation metrics are close, however, the best performing model through this project has been the logistic regression model, followed by naïve Bayes, random forest, decision tree, and finally KNN – not to say that the KNN classifier is a poor performing classifier, it just may not be well suited for this specific task. 
	The main question that would need to be answered by a business would be the runtime preference; a faster, but slightly less accurate model, or a slower, but slightly more accurate model?
	The top three, or possibly four, models would be able to be approved for business use.


[bookmark: _Toc87546815]Conclusions and Recommendations
As shown throughout this report, there are potential applications for machine learning in many areas, with NLP being just a section of possible functions. The theory and application of machine learning classification tasks have been successfully implemented in this project, with a respectable outcome in terms of the various evaluation metrics and accuracy. 
	The models produced in this project have shown that they are able to successfully predict the sentiment polarity of a tweet in up to 77% of the time and answer the business questions as to whether machine learning can be applied to this assignment.
	The top four models, all consistently achieving over 70% accuracy, are able to be approved for use in a business, with the logistic regression model being the highest achieving model, and naïve Bayes being a close second, but with a lightning-fast runtime (in comparison to logistic regression).
	Some of the given classification algorithms clearly outperform others, but there is also potentially a sacrifice in terms of compute time. Is it better for a more accurate, but slower result? Would an end user just want a faster, but slightly less accurate result? These are decisions that would need to be made by an end user adopting these techniques.	
	Clearly processor power is a large part of machine learning tasks and unfortunately has been a limiting factor in this project. This project could easily be repeated with a higher performance machine, or virtual machine on a cloud service, which can process classifiers with larger sets of parameters and a larger train and test set to potentially enhance the accuracy of the classifiers, as there are several classification algorithms which were limited due to the device this project was completed on. Some of the original hyperparameters that were going to be tested were removed from the pipelines, so it is not possible to say that all of these classifiers were fully optimised. As mentioned in the classifier training, one of the main hyperparameters for the logistic regression model (penalty) was removed due to the inflation on runtime. There are several hyperparameters available for logistic regression, so there may be an opportunity to improve these scores and evaluation metrics further.
	Along with the proposed increase in records and parameters, it would be interesting to see how the removal of any data pre-processing steps may affect the end results – what would happen to the accuracy of the classifiers if, for example, lemmatisation was excluded? Would the ranking of classifiers change at all? Would the exclusion of stop word removal make much of a difference also? How would using a different vectorizer, such as TFIDF, affect the classifiers?
	There may also be better alternatives to develop a pipeline per classifier rather than GridSearchCV. As the name suggests it performs cross-fold validation on the models for a given number of repetitions. Rather than this being completed at this stage, only performing this once all models are fit would also significantly reduce the compute time.
	A simple multi layered perceptron, through to a full neural network can also be developed, trained, and compared to the classifiers included in this project to provide another method of classification. 
	It may also be possible to run these algorithms in a cluster, spreading out the “greedier” algorithms to assist with reducing the overall compute time.
	Mentioned in the literature review were other datasets from several SemEval events. It may be interesting to test the resulting classification models on their test dataset to see how the models within this project compare.
	One idea that came to mind during the proposal was to also develop a simple website where a user could input a string of 140 characters (the size of a tweet), it could perform the sentiment analysis, provide the result, and highlight the negative and positive words in the string. This could be extended to streaming live tweets and automatically classifying them, but this then begins to encroach on the realms of web scraping which, as discussed in the proposal, is a grey area and was avoided for the duration of this project sue to some ethical concerns.
	Originally this project was going to also predict neutral sentiment, however the dataset had no annotated records for neutral tweets so it would have required a large amount of manual work to determine the sentiment and that then could lead to bias problems as there would be no second opinion. This project could be repeated with a dataset that has neutral records available, allowing the models to perform ternary classification, or even further with a “very positive” and “very negative” classification option.

[bookmark: _Toc87546816]Reflection
It is believed that the previous three-year undergraduate degree in software assisted in both this project and the entirety of the postgraduate course for data science and analytics as there existed already a knowledge of software engineering, allowing for further enhancement throughout this course. Primary data science and analytics module contributions toward this project include:
· Application of Machine Learning – Exploring the breadth of the world of machine learning, participating in completing both regression and classification tasks with classic regression algorithms and neural networks, this was a very intense and interesting introduction to machine learning as it had not been a topic encountered previously,
· Data Mining and Visualisation – An introduction to the CRISP-DM model, data mining, data exploration, justification for performing data mining projects and of course visualisation of data and findings,
· Advanced Statistical Programming – The ability to apply a statistical mindset to a problem rather than just a software engineering perspective of “problem solving” has proven valuable during the evaluation.
The data science and analytics course was originally decided on due to the lack of data visualisation skills and a want to develop them. Along with this, one of the weakest areas through the postgraduate course was the machine learning module. Again, to develop these skills this project was chosen to enhance current knowledge of machine learning as it is an area of interest and a growing area of employment, so the combination of data science with a background in software engineering should be able to provide an alternate career path and area of expertise. 
	The literature review and background reading performed at the beginning of this project was very interesting, and it is believed to have increased the knowledge of various machine learning tasks and classification techniques. This understanding will prove invaluable when undertaking any machine learning classification task going forwards (with a higher-powered machine), or further learning on other machine learning areas such as regression tasks, or the development and application of neural networks.
	Frustration emerged while working on the notebook – the usual hiccups that every software engineer faces during development, however it was not taken into consideration the length of time that the final runtime would take. This unfortunately ate into productivity as there were significant periods of downtime while waiting for the notebook to run, or a certain section to complete, to perform the writeup and evaluation. The main annoyance was waiting for the SVM classifier to finish, the Azure portal refreshing, and losing any output – after almost 48 hours of runtime. It was impossible to say when the algorithm would finish running, and having to restart the compute instance (as the kernel interrupt did not work during the SVM execution) would lose any variables that the compute instance already has stored.
	Overall, this project and course has proven extremely interesting, and the skills achieved and improved will be added to the existing skillsets. No doubt that there will be a uniting of skills at some point throughout a career and the knowledge will be invaluable. 
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[bookmark: _Toc87546818]Appendix A – SVM Results
Due to the runtime of this algorithm, it was run on 50,000 just to see how it performed, and it performed well. However, the runtime was high. However, when running on 400,000 records, it seemed impossible for this to finish.
	The SVM classifier [110] has a large number of hyperparameters offered for change. One of the main parameters is the kernel function.
· Kernel – a choice of linear, poly, RBF (radial basis function), or sigmoid. This is the kernel type which is to be used in the algorithm.

The GridSearchCV object is created to perform the SVM tests as shown in Figure A-1.
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[bookmark: _Toc87546902]Figure A‑1 SVM algorithm

The best parameters for the SVM classifier are shown in Figure A-2.
[image: Text
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[bookmark: _Toc87546903]Figure A‑2 SVM best score and parameters

The confusion matrix for the SVM classifier is shown in Figure A-3.
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[bookmark: _Toc87546904]Figure A‑3 SVM confusion matrix
The classification report for the SVM classifier is shown in Table 7.

	
	Precision
	Recall
	F1-Score
	Support

	0
	0.77
	0.71
	0.73
	7526

	1
	0.73
	0.78
	0.75
	7474

	
	
	
	
	

	Accuracy
	
	
	0.74
	15000

	Macro avg
	0.75
	0.74
	0.74
	15000

	Weighted avg
	0.75
	0.74
	0.74
	15000


[bookmark: _Toc87546912]Table 7 SVM classification report
The ROC curve and ROC AUC score are shown in Figure A-4.
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[bookmark: _Toc87546905]Figure A‑4 SVM ROC
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