

EMOJI TEXT BASED CHATBOT MUSIC RECOMMENDATION SYSTEM USING MACHINE LEARNING
ABSTRACT

Emojis are used in Computer Mediated Communication (CMC) as a way to express paralinguistics otherwise missing from text, such as facial expressions or gestures. However, finding an emoji on the ever expanding emoji list is a linear search problem and most users end up using a small subset of emojis that are near the top of the emoji list. Current solutions such as the search bar, or simple recommendations still requires effort from the user or does not offer a wide range of emojis. In order to understand how people use emojis, a literature review was carried out for articles that categorise emoji functions. From these, 6 functions were mentioned repeatedly: emphasis, illocutionary, social, content, aesthetic, and reaction. Illocutionary and social emojis make up the bulk of emojis that accompany text. Two main emoji recommendation models were built. One which recommends emojis similar in meaning to the text input (Related model), and another which recommends only the most common emojis (Most Used). The outputs of the two models were combined to form a third model (Combined). A between-within subjects text-based experiment was carried out over Discord. Participants’ emoji user behaviour was compared between a without recommender and a with recommender condition (within subjects). Furthermore, the three models were tested against each other in the with recommender condition (between subjects). The Related and Combined model were perceived well, while the Most Used did not always recommend appropriate emojis. Participants did use more emojis as well as a larger variety of emojis when an emoji recommender is present, however, this may be largely due to the design of the experiment. When a recommender is included on the phone emoji keyboard, the effect may be much smaller.
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CHAPTER 1
1.1  INTRODUCTION
Background and Motivation
During face-to-face conversations, how something is said (the paralanguage) is just as important as what is being said. The paralanguage of speech includes aspects that can be vocalised such as intonation and volume, as well as aspects that are visible, such as facial expressions, gestures, and body language. During text-based communication, punctuation is traditionally used to mark much of how the text should be read. For instance, commas add pauses, exclamation marks convey emphasis and perhaps an increase in volume. With the rise of Computer Mediated Communication (CMC), such as emails and instant messaging, users have developed other ways to convey affect. The case, such as ALL CAPS, or aLTerNaTINg CAsE may be used to indicate shouting and exasperation respectively. Emoticons (short for “emotion icon”), which are emoting faces made from text, such are also powerful tools in marking the mood of text. More recently, emojis have become a staple in instant messaging used to add flair as well as emotions to text. Emoji, from the combination of the Japanese characters (e, meaning picture) and  (moji, meaning character), are pictographs and ideographs that can be inserted into electronic text. Emojis take the spirit of emoticons and add to it colour and detail. Currently there are more than 3,000 unique emojis spanning smileys , food , nature , objects , symbols , and flags . Each year more emojis are added1 , expanding the possible emoji vocabulary. However, as the number of emojis increases, the process of finding and inserting emojis become increasingly difficult for the user as this is a linear search task (Pohl, Stanke, & Rohs, 2016). New additions may go unused due to people not knowing about their existence. Emojis add nuance to a person’s text, broadening someone’s emoji vocabulary can deepen their potential for expression, similar to learning new words. Some alternatives and additions to the current emoji keyboard have been explored. For instance, a zooming keyboard (Pohl et al., 2016), a gesture based insertion method (Alvina, Qu, Mcgrenere, & Mackay, 2019), and a facial expression emoji filter system (El Ali, Wallbaum, Wasmann, Heuten, & Boll, 2017). The original idea for this thesis was to design a novel method of emoji insertion inspired by affective language and metaphors. Perhaps the emoji keyboard could be categorised by affect (e.g. “happy”, “angry”, etc.) first? Or perhaps emojis could be explored based on related concepts (i.e. when you click on an emoji, it shows that emoji as well as related ones)? While designing a new method of emoji insertion is exciting, it was rather difficult to come up with potential concepts that were applicable to multiple emoji occasions. For example, not all emojis could be categorised into an emotion (what emotion would a canoe emoji fall under?). Ultimately, I decided to look at ways to improve the current emoji keyboard instead of designing something completely new

The question, then, is how to decrease the amount of work the user has to do between their Emoji Moment, and emoji insertion. Some features have already been implemented by various keyboards, namely a “recently used” tab or section at the top of the emoji list, a search function where users can use keywords to find emojis, and sometimes a few recommended emojis that appear in the autocorrect or next-word recommendation space of the regular text keyboard. If this last recommendation feature worked perfectly, this would mean the user does not have to switch to the emoji keyboard at all. However, only a limited number of emojis can be shown in this space. Thus, for the current thesis, emoji recommendation was explored.
Everyday, each and every person undergoes lot of troubles and the reliever of all the stress that are encountered is Music. If it is so, the vital part of hearing the song has to be in a facilitated way, that is player able to play the song in accordance to the person’s mood. The paper proposes such a player and hence named Emotion based music player. Recognizing the human emotions is considered to be a global consistency but depict variability among the humans on the basis of their abilities. The different approaches being the classification of emotions that are existing are depicted as knowledge-based, statistical and hybrid techniques. However there relies several difficulties while retrieving the music information such as querying by singing, genre classification, etc. The most possible implementation is by producing music suggestion that is based on the content. The multiple efforts to detect and describe the feeling, to classify based on features are all wanted to obtain outstanding music recommendation system. For describing a music taxonomy, a feeling descriptor is found to be useful. In this project, we would be building an extensive Chatbot service, to which you can talk to. And talking to a chatbot wouldn't be business-driven. It would just be casual conversations. Further, on top of it, the chatbot would also be recommending songs to the user based on the tone of the user. This song recommendation feature employs the use of Last.fm API, very much similar to the popular Spotify API. Also for tone/emotion analysis of the conversation we will be using the IBM Tone Analyzer API. Collaborating with these types of APIs is very much critical as in today's world the popular chatbots do much more than simply having a data-driven conversation; to supplement additional useroriented features. Also the reason to choose python to build the chatbot is because python boasts a wide array of opensource libraries for chatbots, including scikit-learn and TensorFlow. It is great for small data sets and more simple analyses; also Python's libraries are much more practical.

Research question and Approach

     The goal of the thesis is to investigate emoji recommendation and how recommendations can impact user’s emoji behaviour during text messaging. First a literature review was carried out in order to understand how people use emojis, what different functions emojis serve within text messaging, and previous work regarding emoji prediction/recommendation. This provides some guidelines for the requirements of an emoji recommender as well as ideas for how to approach building a recommender. From here two main recommender models were built, one which recommends a broad range of emojis related to the text input (Related model), and another which recommends only the most used emojis (Most Used model). A third model was also built that combines the results of the previous two (Combined model). The three models were evaluated in an experiment where participants had two short textbased conversations with a simple chatbot. The first conversation was without recommender, while in the second recommendations were added to the participant’s text messages. This allowed for between-subjects comparison of the three recommender models, as well as withinsubjects comparison of the effects of an emoji recommender.
1.2 OBJECTIVES
During text-based communication, punctuation is traditionally used to mark much of how the text should be read. For instance, commas add pauses, exclamation marks convey emphasis and perhaps an increase in volume. With the rise of Computer Mediated Communication (CMC), such as emails and instant messaging, users have developed other ways to convey affect. 
1.3 Importance of Emoji in Communication

Some of the more well known emojis are often those depicting exaggerated faces such as smiling face with heart eyes or the loudly crying face . Facial expression is one of the main ways to communicate emotions during face-to-face communication, as such, it is easy to assume that face emojis are also used for emotion expression. However, there are many occasions where a person’s facial expression does not match how they are feeling. For instance, in a scary situation, one might smile at their child to reassure them; in a restaurant, the waiter might smile to be polite. Similarly for emojis, there are more nuanced functions other than emotional expression.
Evaluation of recommender between different models

The Related model was rated the highest in quality, followed by the Combined model, with the Most Used model coming in significantly lower that the other two. The Combined model was hypothesised to be rated highest, since it included emojis from both models. The participant might have perceived the Related model as having better recommendations because they could see why the emojis were recommended as they have a connection to the input text. On the other hand, the connection between text and recommendations was not so direct for the Most Used model and some of the emojis for the Combined model. Thus the ratings for the Combined model may have been brought down by the recommendations of the Most Used model. For novelty, the Related model was rated the highest, followed by the Combined and the Most Used model. It makes sense that the Most Used model is rated the lowest, as the recommendations draw from those emojis that people used most often in general. The Combined model was rated slightly lower (though non-significantly) instead of the same as the Related model, which is interesting considering it had the highest variability in its recommendations and includes all that the Related model would recommend. Perhaps when the Related emojis are alone, participants pay more attention to those that they are less familiar with, while if they are mixed in with emojis that are highly familiar as in the Combined model, participants scan the recommendations quicker, only looking for those they are familiar with and would use. With regards to whether there were too many recommendations, all models did not have very high means. The Combined model, which generally recommended double the number of emojis as the other two (Figure 4.12 left cluster), still had a mean of 3.14 (SD=1.027), which was “neither agree nor disagree”. This suggests that around 20 emojis is a good number of recommendations. The Most Used model’s mean is around the “slightly disagree” choice, suggesting that participants did not mind the number of recommendations, and were perhaps open to a higher number of recommendations too.

Limitations

One of the main caveats when interpreting the data is taking into account the way the experiment was implemented. Having the recommendations appear as reactions, added one by one, is not quite representative of its potential phone keyboard equivalent. Because Discord does not allow you to edit other people’s messages, it was not possible to implement the bots to ‘insert’ the emojis into the participants’ message. Secondly, people were asked to carry out the experiment on a desktop/laptop and not their phone, which means their usual typing experience is not quite the same either. Participants did not have access to their usual “recently used” section as they would have on their phone, or their familiar emoji keyboard. This means that the results for the first conversation might differ from the way participants would normally act when on their phone. Lastly, the simulated conversation with Connie may not have been a good step-in for a real informal conversation. The ecological validity of the experiment is not the best, so the results here cannot be generalised with certainty to the influence of emoji recommendations during real conversations.

Emojis and Emotions

Studies that link emojis to emotions tend to follow one of the two main groups of emotion theory: discrete or dimensional. Discrete models suggest that there are a finite number of emotions which are basic/core/universal to every human being (e.g. (Ekman, 1999)). Jaeger and Ares (2017) conducted a survey investigating how people attribute emotions to emojis. They found that some emojis are strongly associated with one emotion, for example with anger or with love. There were also emojis that are associated with multiple emotions, for example with neutral, not caring, no comments. Some emojis are associated with similar emotions, for example were all in the group that was associated with sad, depressed, disappointed, and frustrated. However, emojis in this group associated with the different emotions at different strengths, pointing to a level of nuance in their meaning and use. The other group of emotion theories suggest that emotions can be defined as existing on a point on one or more dimensions.

The most commonly used dimensions are valence (positive or negative) and arousal (the energy level) (Russell, 1980). Emoji are rated consistently on valence (Jaeger, Roigard, Jin, Vidal, & Ares, 2019; Novak, Smailović, Sluban, & Mozetič, 2015) and arousal (Jaeger et al., 2019). While much emoji research focus on the most used emojis, which consists mainly of smileys and common emotive symbols such as the heart or fire , in the study of Novak et al. (2015), many non-face emoji were included which are also consistently rated on valence. More recently, Barrett (2017) proposed the Constructionist theory of Emotion which theorises that there are no naturally occurring categories for emotions, and that the emotional words used are just what we conceptually use to define emotions. A helpful analogy is the words we use to describe colours: the western concept of “red” has no exact cut off wavelength in the electromagnetic spectrum, and each person may associated redness with different things. For instance, I associate it with apples, and Christmas, and Lightning McQueen from Pixar’s Cars. Each time something affective (positive or negative) is experienced, we attribute an emotion with it, and thus this becomes an instance of the emotion. The connections between emotional words and emotions are subjective to each person, likewise, the connections between emojis and their meaning is subjective. With that said, there are some trends in how emojis are interpreted. Riordan (2017) conducted a study where ambiguous texts (“Got a shot”or “Got a ticket”) were either on their own, or followed with a disambiguating emoji ([ , , ] for different types of shot or [ , , ] for different tickets). The results showed that the emoji did manage to disambiguate the text. Additionally, although the message did not explicitly contain affective information, the affective connotations with each type of ‘shot’or ‘ticket’carried over and had an effect on the valence evaluation of the messages. For instance, “Got a shot ” was rated positively while “Got a shot ” was rated negatively.
Emojis for additional information

Emojis are used to strengthen the emotive value of text, although most of the time they serve more subtle functions. Emojis often play the part of the paralinguistics of CMC. For example, in “How are you? ”’, the slightly smiling face emoji isn’t necessarily used to convey that the sender is happy, but a politeness/friendliness marker. Vidal, Ares, and Jaeger (2016) found that emojis are mostly used to convey information not expressed in words, and that emojis used to emphasise information expressed in words are much less common. Dresner and Herring (2010) analysed how emoticons (not emojis) were used to alter or indicate illocutionary force in CMC. Emoticons could express emotions that would usually be expressed though facial expressions (e.g. smiling for happy, raised eyebrows for surprise), convey non-emotional meaning expressed through facial expressions (e.g. winking to indicate joking), and convey illocutionary force (e.g. smiling to soften a demand). Herring and Dainas (2017) extended this research to include emojis as well as other ‘graphicons’(GIFs, stickers, image, video) on Facebook discourse. Holtgraves and Robinson (2020) found that emojis can be used to convey indirect meaning, particularly for instances where the indirect meaning is negative. For example, if someone asked: “What did you think of my presentation?”, the reply: “ It’s hard to give a good presentation” is more easily interpreted as negative only when the emoji is present (or if the emoji was given as the reply alone). Similarly, Rodrigues, Lopes, Prada, Thompson, and Garrido (2017) found that emojis can soften negative messages and increase perceived positivity, but only when the conversation is considered to be jokey or non-serious. In a serious conversation, using emojis along with a negative message may signal a lack of interest for the conversation and the sender may be perceived more negatively. The meaning of emojis is flexible and can differ depending on situational or social context (Wiseman & Gould, 2018). For example, the rose emoji may refer to the flower in one conversation, and to a person named Rose in another. Culturally, emojis have also taken on more than their literal meaning. For example, the eggplant is often used to refer to the penis, and the trophy to refer to the feelings of winning/being a champion and not the litera-tournament cup.
Emoji Categories of Use

Emojis reside on the continuum between language and nonlanguage. Sometimes they are used to replace words e.g. “I’m going later, want to join?” (swimming), while other times they are used to convey information that in face-to-face communication would be expressed through facial expression or bodily language e.g. “ ” (in reply to a surprising message). There are a number of works analysing the functions of emoji, the categories of which vary depending on through what lens the researchers view emoji, as well as the type of data used for analysis. The aim of this section is to summarise existing literature and consolidate the results of different studies into one list that can guide the development of the emoji recommender. A summary of each study’s categories can be seen in Table 2.1. The table also shows any counts of messages or emojis belonging to each category if available in the paper. Very often one emoji can serve multiple functions so the numbers do not necessarily add up to the number of messages/emojis in the dataset. Gawne and McCulloch (2019) and Danesi (2016) both based their analysis of emojis on previous theories. Gawne and McCulloch discussed similarities between emoji use (mainly on Twitter) and gestures during face-to-face communication using McNeill’s (1992) classification of gestures. Danesi (2016), on the other hand, analysed emojis based on Jakobson’s (1960) theory on the functions of language. Within Danesi’s writing, however, it is not very clear how emojis map onto each function. The definitions used for each function also seem to differ from other writings which utilise Jakobson’s theory (e.g. Ismaeil, Balalau, and Mirza (2019)). For example, Danesi notes that the conative function includes “emoji with strong emotional content” (p. 103), while other interpretations of the conative function focus on language that requests, demands, or advices the addressee (Ismaeil et al., 2019). Na’aman, Provenza, and Montoya (2017) sorted emojis into three categories: 1) function word stand-in (e.g. “I like you”), 2) lexical word stand-in (e.g. “The to success is ”), and 3) multimodal (e.g. “Omg why is my mom screaming so early ”). Their categories arose from “observation”, though no concrete source was cited. The goal of their paper was to see if it is possible to train a model to automatically categorise emojis into these functions. Na’aman et al.’s ‘multimodal’ category seems to cover all emoji uses that are not a stand-in. The multimodal category was further broken down into four subtypes [attitude, topic, gesture, other]. The remaining three papers used a bottom-up approach where functions were derived from the analysis of collected data. Al Rashdi (2018) analysed group conversations with the same participants over a period of time, while Cramer, de Juan, and Tetreault (2016) analysed text messages collected through a survey. In addition to the text messages, Cramer et al. (2016) also asked survey participants to explain the meaning and context of the emojis. The functions were broken into two main groups: Sender intended, and Linguistic. Sender intended functions were broken down further into a) emojis that added additional information, 2) emojis that changed the tone of the text, 3) and emojis used for engagement and relationship maintenance. The linguistic functions were broken down into 1) emojis that repeated the text, 2) emojis that complemented text, and 3) emojis that replaced text. Dainas and Herring’s (2019) categories are largely based on a previous study in 2017 where comments from public Facebook groups were analysed (Herring & Dainas, 2017). The original study investigated the pragmatic functions of graphicons (emojis, emoticons, GIFs, images, stickers, and videos), which resulted in the following functions: tone modification, reaction, action, mention, riff, sequence, ambiguous. The original list of functions was modified when only considering emojis. Softening was added in addition to tone modification, decoration and physical action were added, and riff (joke/banter) was removed.

Emoji Functions in Text Messaging

Trends can be gathered from the various studies. Some functions appear repeatedly between papers, albeit under different names. Due to perhaps the variance in approach and data source, a category from one paper may be broken down into subcategories or did not appear in another. Data from Facebook or Twitter or even single text messages may not encompass all types of interactions emojis are used in (single emoji reactions, for example, would be excluded from collected single text messages that target emojis used with text). The methodology used here for consolidating the existing research is to first group similar functions together, then restructure the list so that it is concise and useful for the current project.
Emphasis Emojis

All the papers include a category for emojis that has to do with emotional information. This is also the way emojis are used most often (Cramer et al., 2016; Danesi, 2016; Na’aman et al., 2017). However, there is a difference in emojis that are congruent with the sentiment of the text alone (“I am so happy right now ”), and emojis that mark the intention of the speaker (“I am so happy right now ”). Emphasis emojis only refer to the first case where the emotion of the emojis matches the text; they strengthen the emotions of the whole message. The second case where the emojis suggest an opposite meaning from the text, indicating the actual intention of the text, are illocutionary emojis instead

 Gawne and McCulloch pointed out that repetition of the same emoji e.g. or emojis of the same theme e.g. are used to supply emphasis to either the emotions or topic of text messages, much like beat gestures. Thus, emphasis emojis also include those that repeat the non-affective information in the text, often nouns or verbs (“aaah I love spring ”).

Illocutionary Emojis

A speech act has three levels: 1) the locutionary act, or the apparent meaning, 2) the illocutionary act, the underlying intention of the sender, and 3) the perlocutionary act, the actual effect of the act which may or may not occur (e.g. the perlocutionary act may be to persuade, but whether the act is successful depends on word choice, mood of the receiver, etc.). Apart from the common use of emoticons

to convey emotions, emoticons are also often used to signify joking, flirting, or sarcasm which are not emotions. Emoticons are also used to indicate or modify the illocutionary force of the text message. In one of their examples “Since I’ve never worked on this kind of data before, I am writing for some suggestions. :)”, it was pointed out that the :) here does not mean the sender is happy, but softens the request. Similarly, emojis are not only used to code for emotions, they can also be used to alter the illocutionary as well as the locutionary force of the message. As seen in Figure 2.2, sometimes the emojis are crucial to the meaning of a message (high in locutionary; bottom right cluster), where without the emoji the message would not make sense. Other times, the meaning of the message is complete with the text alone, but the emojis enforce or alter the intention of the message, as seen in the top left cluster (high in illocutionary force). Emojis that are important for the meaning (locutionary force) of the message are content emojis (covered later), while emojis that are important for the intention of the message are illocutionary emojis. Illocutionary emojis’ main function is to clarify the emotion or intention of the message. For example, consider the different intentions in “I ran past and ignored him ” and “I ran past and ignored him ”. The first may suggest the sender felt it was a funny event while in the second the sender seems to feel some sort of regret. Illocutionary emojis appear explicitly in Cramer et al. (2016) as “changing tone” and in Dainas and Herring (2019) as “softening”. These types of emojis may not appear as often as emotional emphasis emojis, this may be due to subtleties in use that are harder to identify.
Social Emojis

These emojis map roughly onto the phatic function of Jakobson (1960), which mainly refers to ‘small talk’ or language that is used to keep the conversation pleasant 1960. Danesi (2016) found that emojis under the phatic function can further be classified as utterance opener, utterance ending, and silence avoidance. The first two were also observed by Al Rashdi (2018) as ‘signalling openings and closings of conversations’, while silence avoidance is also noted by Gawne and McCulloch (2019) as backchannelling. Social emojis are also what Cramer et al. (2016) observed as ‘tool to adhere to social and conversational norms’ and ‘relationship Emojis use to fulfil the social function may be arbitrary and idiosyncratic. Social emojis are also not necessarily accompanied by text. For example, “ ” may be used alone as a conversation opener, while single emoji replies (e.g. A: “guess what I ate today?” B: “ ”) may be used as a form of backchanneling.

Content Emoji

Content Emojis add non-emotional information otherwise missing from just reading the text. The three messages in the bottom right cluster in Figure 2.2 are all examples of content emojis. There are two main sub-categories within this group: emojis that represent concepts, and emojis that replace sounds in some sort of visual pun. Within the first sub-category, the emoji can appear in the middle of a text (“I want so bad”) or after a complete sentence (“eating take-out again ”). Without the emojis, we would be missing crucial information (cake and sushi/Japanese food respectively). The second type of content emojis is what Solomon (2020) refers to as ‘emoji spelling’, where emojis are used to spell out words, for example im ment (impeachment), happy (be happy), and italism .
Aesthetic Emojis

Aesthetic emojis are emojis which main function is to add colour to a message. They can be used to make certain words or phrases stand out (e.g. “ Family announcement ”). Then can also be used instead of bullet points, or to add decorative “borders” at the top and bottom of a text (more often seen on social media posts than in text messaging). It is perhaps true to say that all emojis are aesthetic emojis, however, their main function may not be for the added appeal of the emoji.
Reaction Emojis

Reaction emojis are quite diverse. They can be used to express emotion, agreement, response to others’ message, to name a few. The key feature of reaction emojis is that they are usually the main message and not the supplement. Their meaning is also highly dependent on prior conversation. The OK hand sign emoji can mean “I agree”, or “that’s cool”, or “I have it under control” depending on context.
Implications for Recommendations

Communicating with emojis is an interpretive process. Meaning is perceived from the way they are rendered on your screen, but there is also the larger connotations made with the concepts emojis try to capture. Emojis can be imbued with metaphors, for example, the heart-eyes emoji is not a realistic rendition of a facial expression, yet the emoji is readily associated in western society with expressing love for something or someone. The emoji functions discussed above are not necessarily mutually exclusive to each other. For example, in the short exchange A: “It was good to hear from you again!”, B: “ ”, the otter emojis serve the function of reaction, with an implied meaning based on the mutual understanding that otters are positive and they both had a good time. The reply also indicates that B read and acknowledges the message from A, thus acting as a social emoji. The different emoji functions translates to different challenges and difficulty with regards to recommendation. Emphasis emojis, for example, are relatively straightforward as their content can be readily lifted from the text. Most emojis have a definition that is readily understood; a book emoji is a book before anything else. Although emojis are context dependent, some emojis are widely regarded as positive (e.g. ) while some are negative ( ). Social emojis are also somewhat conventional and can be modelled given enough data (e.g. by learning the emojis that tend to follow ‘good morning’, for instance). The other emoji functions (illocutionary, content, aesthetic, reaction) are more difficult as they deal with information unavailable from the text. These emojis are used because otherwise the message would be misunderstood or incomplete. Emojis used for these functions depend on the user’s thought process and could be learned to a certain extent if enough user data is gained. Any emoji that is used at the start of a message poses a challenge for a recommender unless it has access to the conversational context. Disambiguating emojis used in the middle or end of a sentence are also difficult to predict, but may follow trends (e.g. “that’s” could be followed by or ; there may be certain text-emoji bigrams that are more common).
Emoji Prediction and Recommendation

From the computer science side, there have been a number of works investigating whether emojis can be predicted given text and sometimes image input. This research largely falls under one of two contexts: research on ‘public’ social media content such as tweets or research on private messages between people. It is important to keep in mind these contexts as findings might not always be generalisable to both.

Related works

Much of the work in emoji prediction approaches it as a classification problem where sentences using only one emoji out of a short list of up to 20 emojis are used as input, using the sole emoji as the label (Barbieri, Ballesteros, & Saggion, 2017; Liebeskind & Liebeskind, 2019; Xie, Liu, Yan, & Sun, 2016). Barbieri, Marujo, Karuturi, Brendel, and Saggion (2018) expanded the list of emoji to 300 as well as including the time of the year the emoji was used as a feature in their model. Lin, Chao, Wu, and Su (2019) used twitter data containing one to three emoji fromthe top 500 most used emojis. Up to three emojis are returned by their model, additionally, by modelling the emoji as words/phrases, their output also takes the ordering of emoji into account. The single class classification approach is not quite the same use case as a recommendation system. Although perhaps if more emojis with a high probability were given as an output as in Lin et al. (2019), it could act as a recommendation system too. The following is the list of 20 emojis used in Barbieri et al. (2017): (the most frequent emojis in their dataset). Looking at this list, the first five overlap in their use, and could very well be recommended for the same tweets or text messages. Guibon, Ochs, and Bellot (2018) used a MultiLabel RandomForest classifier trained on instant messages that included a set of 169 sentiment-related emojis. They used both textual features (bag of words, word count, punctuation, n-grams) and sentiment features (positive/negative/neutrality scores as well as the current mood as selected by the user when sending the instant message). Their model was able to predict the emojis quite well. The goal of recommendation is to provide a broad selection of relevant emojis so that the user can pick the ones they like to use. Even if multiple emojis with high probabilities were to be returned, if the model was trained based on user data, the kinds of recommendation would always be limited to those that are widely or commonly used. A meaningful system would include both current ways of using emoji, as well as suggest potential novel ways of using emoji. Figure 2.3a shows the number of emoji that show up in the ‘recently used’ section of the Gboard emoji keyboard on my phone. With 27 emoji, there is room for recommendations that are more exploratory than usual use cases. Kim et al. (2019) is the only work so far (to my knowledge) that trained a model to provide a large number of recommendations. Twitter data is used, although they specifically targeted series of replies in order to retrieve conversations. The past five sentences are converted into vectors and given to a Long Short-Term Memory (LSTM) model. The model outputs ‘concept’ vectors which may represent clusters of emotions/information represented in the conversation. These concept vectors are then further clustered, and each cluster forms a list of emoji closest to it. All the emoji from their list of 111 emoji (it is not very clear how this list is chosen) are attributed to one of the clusters.
Current state of emoji recommendation in keyboards

Most of the time emoji recommendations will appear in the same area as the auto-complete bar while typing text using Gboard and Swiftkey (two virtual keyboards I have experience with), these are usually for straightforward nouns. For ‘fish’, Gboard recommended the carp streamer emoji (decoration in Japan for Children’s Day; Figure 2.4a) even though it is not a typical fish emoji (i.e. ). For ‘horse’, Swiftkey recommended the horse face emoji over the Swiftkey also has a recommended/suggested tab when switching to the emoji keyboard that seems to give recommendations based on what has previously been typed. The recommendation for “horse riding is no much fun” (Figure 2.4c) include two horse emoji as well as an array of positive emoji, however, the actual horse riding emoji is not included. The recommendations for “I’m sad” (Figure 2.4d) include many sad/negatively charged emoji. Swiftkey also seem to include recently used emoji in the same tab since they do not have a separate ‘recently used’ tab which other keyboards usually depict with a clock icon. This can be concluded from unrelated emoji such as appearing under both sentences.

Emoji use and variability between different models
Emoji count for the Related model was higher than the Most Used model. While emojis from the Most Used model may mostly be those used to mark illocutionary force or perform a social function, the Related emojis mainly fall under emphasis and aesthetic. The Most Used model generally recommended different emojis that cannot be used interchangeably, while the Related model often recommends many emojis that are thematically or conceptually similar. For example, for the input sentence: “Zoo!”, the Most Used model recommends [ , , , , , , , , ], while the Related model recommends [ , , , , , , , , , ]. While some of the emojis from the Most Used model are similar ( , ), nuanced differences are likely to be attributed to each, especially for the face emojis. Thus it is unlikely for the participant to choose multiple from the Most Used model. On the other hand, for the Related model, the various animal emojis do not alter the emotional value of the message in different ways, so can be sent together without confusing the sentiment of the message. It was originally hypothesised that the Most Used model will have a higher emoji count because people generally use these more versus other emojis. As seen from the open questions, the reason people use these more may be because they are near the top of the emoji keyboard, or in their frequently used section, thus easier to find. In other words, some people might want to accompany “I love elephants!” with both and , but since the elephant emoji is more difficult to find, they only use . It is also possible that the Related model more reliably recommends at least one emoji that was applicable, while for the Most Used model, there is a higher chance the participant didn’t like any of the recommendations. Additionally, the type of conversation and prompts made by Connie may have imitated a usual conversation poorly. Emojis are used most often during informal conversations between friends or family, instead, here Connie is a stranger, and a bot at that. It was shown that people used a higher variability of emojis in the Related and Combined model than in the Most Used model. One important thing to keep in mind here is that the two models where the participants used a higher variability of emojis, also recommended more varied emojis (due to the Related model being present in both). Looking at the emoji variability of the recommender outputs per conversation (right cluster in Figure 4.12), it can be seen here that the Related and Combined models both recommended a wider variety of emoji than Most Used. Thus it is possible that the variability is due solely to the recommenders. An additional Tukey’s post-hoc test was carried out here in order to see if there is a significant difference between selected emoji variability of the Related (M=7.88, SD=4.674) and Combined model (M=5.86, SD=2.825; p=0.249), but no significant difference was found, which does not mirror the variability pattern of the recommenders. As mentioned previously, the added variety in recommendations made by the Most Used model may not translate to an increase in the number of emojis the participant chose because at most participants would pick one or two from the Most Used emojis. It is interesting then, that for participants given the Combined model condition, emojis which “came from” the Most Used model were chosen more often than those from the Related model.

CHAPTER 2
LITERATURE SURVEY

1. Anagha S.Dhavalikar, and Dr. R. K. Kulkarni, “Face Detection and Facial Expression Recognition System,” Interntional Conference on Electronics and Communication System (ICECS - 2014), 2014.
It can be difficult to choose which music to listen to from a vast array of available selections. Depending on the user's mood, there have been numerous suggestion frameworks accessible for music, dining, and shopping. Our music recommendation system's primary goal is to give customers with recommendations that are tailored to their tastes. Analysis of the user's facial expressions/emotions may lead to a better understanding of the user's present emotional or mental state. Music and videos are one area where there is a considerable opportunity to provide clients with a wide range of options based on their preferences and collected data. Humans are well-known for using facial expressions to indicate what they want to say and the environment in which they intend to say it. More than 60% of users believe that at some point in the future, the number of songs in their music collection will be so enormous that they will be unable to find the song they need to play. By building a suggestion system, it may be possible to aid a user in deciding which music to listen to, hence lowering the user's stress levels. The user would not have to waste time searching or looking up songs since the best track matching the user's mood would be detected and songs would be displayed to the user based on his or her mood. With the use of a webcam, the user's image is captured. The user's photo is taken, and then an appropriate music from the user's playlist is shown that matches the user's requirements, based on the user's mood/emotion.

People's emotions are mostly expressed through their facial expressions. Music has always been recognised to change a person's mood. Capturing and identifying a person's emotion and showing appropriate tunes that match the person's mood can help to soothe the user's mind and provide a pleasing overall impression. The goal of the project is to capture a person's feelings through their facial expressions. Through the web camera interface available on computing systems, a music player is meant to record human expression. The software captures the user's image and then extracts features from the face of a target human being using image segmentation and image processing techniques in order to discern the emotion that the person is attempting to express. The project seeks to brighten the user's mood by playing tunes that match the user's criteria by collecting the user's photograph. Facial expression recognition has been the best type of expression analysis known to humanity since ancient times. People's facial expressions are the finest feasible approach to interpret or deduce the emotion, feeling, or thoughts that another person is attempting to express. Mood alteration may also aid in the treatment of depression and sorrow in some cases. Many health concerns can be prevented with the help of expression analysis, and efforts can also be made to improve a user's mood.
2. Yong-Hwan Lee, Woori Han and Youngseop Kim, “Emotional Recognition from Facial Expression Analysis using Bezier Curve Fitting,” 16th International Conference on Network-Based Information Systems, 2013.
Human emotions are conveyed by different medium such as behaviours, actions, poses, facial expressions and speech. Multitudinous researches have been carried out to find out the relation between these mediums and emotions. This paper proposes a system which automatically recognizes the emotion represented on a face. Thus, a Bezier curve based solution together with image processing is used in classifying the emotions. Coloured face images are given as input to the system. Then, Image processing based feature point extraction method is applied to extract a set of selected feature points. Finally, extracted features like eyes and mouth, obtained after processing is given as input to the curve algorithm to recognize the emotion contained. Experimental results show average 60% of success to analyse and recognize emotion detection. In Biometric research, Recognition and analysis of human facial expression is very popular topic. There have been numerous researches done for this in each area of science. Facial expressions are a way to express our emotions and also to provide gestures during social interactions. Basically, Researches have shown that facial expressions can significantly alter the meaning of what is spoken as well as control the flow of a conversation. Scrutinizing of emotions by computers has been a research area since Charles Darwin’s age. In today’s era, researches focus on improving human-computer interfaces, as well as on improving the actions which computer takes on feedback from the user. When computers could detect these emotional inputs, they would give specific and appropriate help to others in ways that are more compatible with the user’s needs and preferences. It doesn’t deal with the rest of the body, but only the facial features. Many techniques have been proposed for emotion detection, but not all give an accurate result or are easy to implement. This paper proposes a scheme in which we adopted the feature based approach, i.e. automatically detection of eye and mouth from a still image is done using the Canny Edge detection algorithm and then the classification of emotion is conducted by implementing Bezier curve algorithms and measuring distance between certain points. The implementation of this algorithm is done on net beans API. This paper is planned as follows next section reviews related works about emotion recognition through facial expression analysis. Section 3 is about the proposed system that uses two mainsteps to detect and recognize the facial emotion from still images. Experimental results are shown in section 4, and section 5 is presenting about the conclusion.

The inceptions of facial expression analysis began from the nineteenth century, when Darwin initially proposed the idea of general outward appearances in living creatures. Since the mid1970s, Ekman and Friesen (1975) have performed different investigations of human outward appearances, giving confirmation to bolster this all-inclusiveness hypothesis. Ira et al proposed construction modeling of Hidden Markov Models for programming fragment and perceive human outward appearances from video arrangements. At that point a paper was proposed about programmed influence dissect and acknowledgment of human feeling. Investigates on perceiving feeling through outward appearance was proposed by Ekman, who began their work from the mental point of view. A strategy for an outward appearance acknowledgment for a human speaker by utilizing warm picture preparing and a discourse acknowledgment framework was explored by Yashnari. Spiro's et al recommended the extraction of proper facial elements and the ensuing acknowledgment of the client's passionate state that could be vigorous to outward appearance varieties among changed clients. Facial Emotion Recognition System for AUTISM was executed by Anjana R.besides , Lavanya M. Henry A. Rowley, Shumeet Baluja, Takeo Kanade in 1998 spearheaded Neural Network-Based Face Detection. All systems to investigate feelings are unique in relation to one another.
3.“ Arto Lehtiniemi and Jukka Holm, “Using Animated Mood Pictures in Music Recommendation,” 16th International Conference on Information Visualisation, 2012.
Music plays a very important role in enhancing an individual’s life as it is an important medium of entertainment for music lovers and listeners and sometimes even imparts a therapeutic approach. In today’s world, with ever increasing advancements in the field of multimedia and technology, various music players have been developed with features like fast forward, reverse, variable playback speed (seek & time compression) local playback, streaming playback with multicast streams and including volume modulation, genre classification etc. The motivation of this work comes from the possibility of reducing the human effort in creating music playlists manually, thus generating them automatically based on the user’s emotional state. The human face plays an important role in knowing an individual's mood. The required input is extracted from the human face directly using a camera. One of the applications of this input can be for extracting the information to deduce the mood of an individual. This data can then be used to get a list of songs that comply with the “mood” derived from the input provided earlier. This eliminates the time-consuming and tedious task of manually Segregating or grouping songs into different lists and helps in generating an appropriate playlist based on an individual's emotional features. 

The automatic analysis and understanding of music by the computer is the new possibility in the field of music information retrieval. Since the diversity and richness of music content, are high, a multitude of research topics in this field are pursued by the researchers, ranging from computer science, digital signal processing, mathematics, and statistics applied to musicology. Recent development in music information retrieval includes automatic audio genre/mood classification, music similarity computation,audio artist identification, audio-to-score alignment, query-by-singing/humming and so on. Content- based music recommendation is one the feasible application that can be provided. From the context information, we can achieve more intelligent context-based music recommendation. Multidisciplinary efforts such as emotion description, emotion detection/recognition, feature based classification, and inference-based recommendation are needed for the achievement in content-based music recommendation system. Music taxonomy has been described effectively using an emotion descriptor. An assumption for emotion representation is that emotion canbe considered as a set of continuous quantities and mapped into a set of real numbers. As a pioneering effort to describe human emotions, researchers proposed a circumflex model where each affect is displayed over two bipolar dimensions. Those two dimensions are pleasant-unpleasant and arousal sleep. Thus, each affect word can be defined as some combination of pleasure and arousal components. Later, another researcher adapted Russel’s model to music. The “arousal” and “valence” are the two main dimensions in Thayer’s model. Emotion terms were described as silent to energetic along the arousal dimension emotion are termed as silent to energetic, and negative to positive along the valence dimension. With Thayer’s model, the two-dimensional emotion plane can be divided into fouquadrants with eleven emotion adjectives placed over them. On the other hand, Xiang et al. Proposed a “mental state transition network” for describing emotion transitions of human beings. In the network, mental states consist of happy, sad, anger, disgust, fear, surprise, and serene. Every transition between two states is calculated from test data and represented by some probability. However, other emotions such as nervous and excited aren’t considered. With the technological advances of digital signal processing and various effective feature extraction methods the automatic emotion detection and recognition in music are growing rapidly. Emotion detection/recognition can play an important role in many other potential applications such as music entertainment and human- computer interaction systems. Feng presented the first research in emotion detection is music. They implemented on the viewpoint of Computational Media Aesthetics (CMA) by analysing two dimensions of tempo and articulation which are mapped into four categories of moods: happiness,anger, sadness and fear. This work will present a new emotion based and user-interactive music system. It aims to provide user-preferred music with emotion awareness. The system starts with recommendations with expert knowledge. If the user does not like the recommendation, he/she can decline the recommendation and select the desired music himself/herself.
4. F. Abdat, C. Maaoui and A. Pruski, “Human-computer interaction using emotion recognition from facial expression,” UKSim 5th European Symposium on Computer Modelling and Simulation, 2011.
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Computer vision techniques are used in many fields such as traffic control, event monitoring, marketing, healthcare field, quality control, military technology, etc. One of the sub-areas of computer vision is facial expression recognition. Human face acts as the main indicator for the behavioral and the emotional state of the individual. Facial expressions which can be classified as fear, happiness, joy, sadness, aggressiveness are recognizable with computer vision techniques. Human reacts and responds to music and this music has a high impact on a person's brain activity. People tend to listen to music based on their interests and mood. This paper gives the survey of different techniques used by the researches for mood detection based on humans face emotions and abstract view of the proposed system which we are going to implement. Nowadays it has become necessary to identify the facial recognition of human which helps the organization as well as individual to recognize the emotions of a person. It can apply to all different places where recognition plays an important role in identifying the emotion. Emotional aspects have a huge impact on communication. Emotion recognition is carried out diversely; it may be verbal or non-verbal. Voice (Audible) is a verbal form of communication & Facial expression, action, body postures, and gesture is a non-verbal form of communication. Social intelligence like communication understanding, decision making and also helps in understanding the behavioral aspect of humanMusic is a thing that enhancing an individual‘s life. Mood detection based on emotion is one of the current topics in the various fields which provide a solution to various challenges. Most of the music lover’s users found themselves in a hectic situation when they do not find songs corresponding to their mood in the situation. Again there is increasing advancements in the field of multimedia and technology, with increasing features like fast forward, reverse, variable playback speed (seek & time compression), local playback, streaming playback with multicast streams and including volume modulation, genre classification [11]. But these features satisfy the user‘s basic requirements, yet the user has to face the task of manually browsing through the playlist of songs and select songs based on his current mood and behavior. So there is a need for the system that can reduce human efforts of manually playing the son based on human mood.
5. T.-H. Wang and J.-J.J. Lien, “Facial Expression Recognition System Based on Rigid and Non-Rigid Motion Separation and 3D PoseEstimation,” J. Pattern Recognition, vol. 42, no. 5, pp. 962-977, 2009.
The human face plays a very important role in expressing a person’s emotion. Likewise, music is considered to be therapeutic and an inevitable mode of entertainment. Computer system with effective facial recognition algorithms can recognize the emotion and classify them into happy, sad, surprise, calm, angry, etc.,. We have developed an emotion based music player which works primarily based on these classifications. The Haar Cascade Classifier is used to classify these emotions based on user’s facial data. The songs are segregated accordingly and played to enhance the user’s mood. The user can also use the buttons (emojis) to select his/her mood. This project also deals with accounting functionalities and also provides mechanisms for privacy and security. This paper describes a very unique model which makes the facial recognition aspect more accurate than ever. Therefore, this application is developed in order to recognize the emotion of a person accurately and play a song based on the user’s mood. Generally, people have a large number of songs in their playlist but they often don’t listen to the right song based on their mood. There are various music players available with auto repeat, shuffle, fast forward, volume modulation, etc., but these features meet only the basic requirements of the user. To overcome these difficulties, we have come up with the emotion based music player (emo) to have complete human interaction with the player. The emotion based music player recognizes the facial features of the person and classifies using the haar cascade classifier. The emotion based music player is fully automated and considers user preferences to play the songs based on the person’s mood. The paper is organised as follows: Section II deals with related work where we come across some interesting papers and articles that are published. Section III explains the methodology used to implement this idea. In section IV, we take a look at the results obtained and some discussions on them. In section V, we conclude the complete paper in a nutshell and we also describe our future plans with the paper. Finally, we proceed to the acknowledgements and the list of references. ] The paper by Hafeez Kabini Et Al suggested the problem of the existing methods to handle only deliberately displayed and exaggerated expressions of prototypical emotions despite the fact that deliberate behavior differs in visual appearance, audio profile, and timing from spontaneously occurring behavior, by taking efforts to develop algorithms that can process naturally occurring human affective behavior have recently emerged. They also introduced and researched these recent information and discussed human emotion perception from a psychological perspective. [2] Nikhil Zaware Et Al stated that it is a very time consuming and lengthy task to create and manage large playlists and to select songs from such playlists. In their paper, they stated a way to detect the mood of the user automatically and generate playlist of songs which is suitable for the user’s current mood. The photo is captured using a webcam and that photo is passed under various steps to detect the user’s mood/emotion. [3] Setiawardhana Et Al in their technical paper stated that their model works by performing facial expression detection. This is done offline by taking images of a subject with nearest position from the camera where the face must not be tilted. The image is identified as a combination of color, and feature extraction is performed based on the location of the eyebrow, the eye, and the mouth. [4] Anukri Dureha suggested manual segregation of a playlist and annotation of songs according to the current emotional state of a user, as a labour intensive and time consuming job. In our proposed system, we are implementing the emotion recognition algorithm by using the haar cascade classifier which detects haar-like features and uses them to figure out the emotion of a particular user. This emotion will then be used to pick a song from the music database automatically. The efficiency of this system is meant to be very high.

The paper by Hafeez Kabini Et Al suggested the problem of the existing methods to handle only deliberately displayed and exaggerated expressions of prototypical emotions despite the fact that deliberate behavior differs in visual appearance, audio profile, and timing from spontaneously occurring behavior, by taking efforts to develop algorithms that can process naturally occurring human affective behavior have recently emerged. They also introduced and researched these recent information and discussed human emotion perception from a psychological perspective
2.1 EXISTING SYSTEM
· The paper by Hafeez Kabini Et Al suggested the problem of the existing methods to handle only deliberately displayed and exaggerated expressions of prototypical emotions despite the fact that deliberate behavior differs in visual appearance, audio profile, and timing from spontaneously occurring behavior, by taking efforts to develop algorithms that can process naturally occurring human affective behavior have recently emerged. 
· They also introduced and researched these recent information and discussed human emotion perception from a psychological perspective
·  In order to enhance this system, we have developed a pretty accurate emotion based music player which aims at counteracting a user’s negative emotions by selecting appropriate songs based on the user’s mood and several other parameters.
2.1.1 Disadvantages of existing system

· Much of the work in emoji prediction approaches it as a classification problem where sentences using only one emoji out of a short list of up to 20 emojis are used as input, using the sole emoji as the label (Barbieri, Ballesteros, & Saggion, 2017
· Liebeskind & Liebeskind, 2019; Xie, Liu, Yan, & Sun, 2016). Barbieri, Marujo, Karuturi, Brendel, and Saggion (2018) expanded the list of emoji to 300 as well as including the time of the year the emoji was used as a feature in their mode
· Accuracy-related measures may be tricky to define for the present problem as everything apart from true positives are not so straightforward. 

2.2 PROPOSED SYSTEM
· The accuracy of the existing system is  only 70%
· Also the existing model only recommends the songs only on the basis of mood of the individual.
· As a part of the work,  emoji detection is less.
· Chatbot predict only if the grammar and slang is correct
· We have used IBM Emotion Analyser to detect the mood of the user if the user uses emojis in the chat.
· We have also used Fm API which is similar to Spotify API
· By adding more attributes like Emoji detection, Emotions, Music recommendations, the Chatbot will give more accuracy compared to the existing system.
· We have used the Natural Language Processor and Machine Learning approach to increase the accuracy of the system.
· Emoji plays a vital role to detect emotion of the person
· We are going to classify the emoji and text to detect the mood of the user
· We are providing counselling if the user is found depressed. 
2.2.1 Advantages of proposed system

· Emojis are used in Computer Mediated Communication (CMC) as a way to express paralinguistics otherwise missing from text, such as facial expressions or gestures. However, finding an emoji on the ever expanding emoji list is a linear search problem and most users end up using a small subset of emojis that are near the top of the emoji list.
· Most Used did not always recommend appropriate emojis.
· During text-based communication, punctuation is traditionally used to mark much of how the text should be read. For instance, commas add pauses, exclamation marks convey emphasis and perhaps an increase in volume
· More recently, emojis have become a staple in instant messaging used to add flair as well as emotions to text.
· A survey was conducted to get an understanding of emoji variability between users as well as to collect an independent test set of text messages with emojis that can be used for offline evaluation of the models. In the end, three recommenders were made.

2.3 FEASIBILITY STUDY
The feasibility of the project is analyzed in this phase and business proposal is put forth with a very general plan for the project and some cost estimates. During system analysis the feasibility study of the proposed system is to be carried out. This is to ensure that the proposed system is not a burden to the company.  For feasibility analysis, some understanding of the major requirements for the system is essential.

Three key considerations involved in the feasibility analysis are:

· Economical feasibility

· Technical feasibility

· Operational feasibility

2.3.1 Economical Feasibility
This study is carried out to check the economic impact that the system will have on the organization.  The  amount  of  fund  that  the  company  can  pour  into  the  research  and development of the system is limited. The expenditures must be justified. Thus the developed system as well within the budget and this was achieved because most of the technologies used are freely available. Only the customized products had to be purchased.

The economic feasibility based on the terms of:

· Time

· Cost

· Man power

2.3.2 Technical Feasibility
This study is carried out to check the technical feasibility, that is, the technical requirements of the system. Any system developed must not have a high demand on the available technical resources. This will lead to high demands on the available technical resources. This will lead to high demands being placed on the client. The developed system must have a modest requirement, as only minimal or null changes are required for implementing this system.

2.3.3 Operational Feasibility
The aspect of study is to check the level of acceptance of the system by the user. This includes the process of training the user to use the system efficiently. The user must not feel threatened by the system, instead must accept it as a necessity. The level of acceptance by the users solely depends on the methods that are employed to educate the user about the system and to make him familiar with it. His level of confidence must be raised so that he is also able to make some constructive criticism, which is welcomed, as he is the final user of the system.

CHAPTER 3
SYSTEM SPCIFICATION
3.1 HARDWARE REQUIREMENTS:
· Keyboard
· Mouse
· Hard disk 500GB
· Ram 4 Gb 
3.2  SOFTWARE REQUIREMENTS:
· Operating System : Windows 10
· Language              : Arduino UNO C++
CHAPTER 4
SYSTEM DESIGN AND DEVELOPEMENT
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CHAPTER 5
TESTING AND IMPLEMENTATION

5.1 TESTING

 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 5.1.1Unit Testing


Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

5.1.2 Block Box Testing

Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.

5.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

CHAPTER-6
CONCLUSION
CONCLUSION
We have presented a survey and methodology for building the chatbot song recommender system. To perform this, we first identified various approaches for building a chatbot known to date. We then evaluated the considered algorithms which are useful in building of our system in terms of their ability to work on the recommendation process of the system. We also gathered all the requirements needed for building our system and studied the overall process involved in chatbot's working. Lastly we summarized the deployment requirements of our system. On the conclusion note our ‘Chatbot Song Recommender System’ is used to facilitate the use by physically challenged people to automate and give them better music player experience. The application solves the basic needs of music listeners without troubling them as existing applications do.                                                    
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