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Abstract
The purpose of this project is to provide a Mental Health Check-In App which helps to reflect emotions, combining journaling with sentiment analysis AI and machine learning. A text dataset with labels was cleaned and TF-IDF was used to vectorize the data and a Logistic Regression model was trained to classify between positive, neutral and negative sentiments. The trained model was implemented in a Flask web-application that had features of user-login, journal-submission, and mood-trend visualisation. The entries of users and emotional outputs were stored using SQLite. The system illustrates how minimal approaches to lightweight NLP methods and user-friendly interface can deliver substantial emotional data. The prototype is used to build the future enhancement and the further extension of the functionality.
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[bookmark: _Toc215448036]Chapter 1: Introduction
[bookmark: _Toc215448037]1.1 Introduction
The mental health issue is growing more and more popular in the modern, digitally produced world, where people tend to fail in articulating and comprehending their feelings. Some individuals do not have a stable way of examining their psychological health, and this may result in uncontrolled stress and future emotional problems. As dependence on technology grows, the provision of mental support is gradually turning to the digital medium. The proposed project presents a web-based Mental Health Check-In App which allows one to record their emotions and thoughts and receive feedback provided by AI. The system will encourage emotional self-reflection, self-awareness, and help improve their everyday coping with the help of Natural Language Processing (NLP) and sentiment analysis.
[bookmark: _t86nkjbfnhz2][bookmark: _Toc215447631][bookmark: _Toc215448038]1.2 Background of study 
The problems of anxiety, burnout, depression, and social pressure have been aggravated worldwide, especially because of the fast digital life and the COVID-19 pandemic. Despite its highest effectiveness as intercession, access to mental health care is still limited due to cost, stigma, and their availability. Mental health applications, mood tracking programs, and mindfulness have become increasingly popular, to offer a self-help mechanism in managing emotional health (Town et al., 2024). Nevertheless, the numerous existing applications provide a general advice, are not customized, and do not guarantee a strong user data protection and emotional intelligence. The opportunity of utilizing Artificial Intelligence and NLP to identify emotional patterns and tone of written text, allows to change the current status of emotional well-being support (Mishra et al., 2025). Sentiment analysis powered by AI allows users to develop personal emotions analysis that allows them to see a long-term trend in psychological behaviour, which is inaccessible through the use of conventional mood journals (Anilsagar and Syed, 2025). Thus, this study examines a safe, intelligent, and user-friendly online solution to the emotional reflection.
[bookmark: _eiiqphg4md95][bookmark: _Toc215447632][bookmark: _Toc215448039]1.3 Research Rationale
Most individuals do not have meaningful and easy to access tools that can help them explain their emotional change, thus, having a negative influence on their mental balance and decision-making. Current mental health apps do not go beyond a basic level of personalization and rarely apply more sophisticated NLP algorithms to gain a more emotional understanding. Moreover, the data privacy worries do not entice users to use the available platforms to their extent (Chennamaneni and Gupta, 2023). It is necessary to have a digital solution, which will create a bridge between emotional support that relies on self-help and one that is technology-driven. The rationale of this project is thus based on its capability to provide personalised reflection, control of data privacy, real-time emotional trends and empowering attitude to the management of mental well-being.
[bookmark: _dcseu9ez02hy][bookmark: _Toc215447633][bookmark: _Toc215448040]1.4 Research Aim
The aim of this dissertation is to develop and design a web-based Mental Health Check-In App that allows users to record their emotions via journaling and gain insights into them via sentiment analysis and hence improve emotional awareness and promote personal well-being.
[bookmark: _ylnc1bbl6w4b][bookmark: _Toc215447634][bookmark: _Toc215448041]1.5 Research Objectives 
The key objectives of this study are:
· To create a journaling app that enables users to document the emotional experiences frequently.
· To apply NLP-based methods of AI-based sentiment and emotion-classification models.
· To have mood patterns through time to be graphically illustrated to aid emotional analysis better.
· To produce custom feedback messages depending on detected emotional patterns.
· To make sure that the data privacy measures are up-to-par, allow users to control their personal entries in terms of emotions.
· To ensure the project implementation is consistent with the academic needs and the delivery of benefits to the population and the responsible use of technology in relation to mental health..
[bookmark: _t0jaqu2iz7ey][bookmark: _Toc215447635][bookmark: _Toc215448042]1.6 Research Questions
The following are the research questions that this dissertation will address:
1. What is the best way to meet the goal of enabling ongoing emotional reflection among users by a digital journaling platform?
2. How well do sentiment-analysis algorithms predict emotional patterns in user generated text?
3. What can visual mood-trend representations tell individuals about change of emotion over time?
4. Which data-privacy approaches are necessary when designing an effective mental-health journaling system?
5. To what extent is the suggested tool efficient in user self-insight improvement in the absence of clinical intervention?
[bookmark: _yg11t27d1zic][bookmark: _Toc215447636][bookmark: _Toc215448043]1.7 Structure of the research

[bookmark: _Toc212671970][bookmark: _Toc215447978]Figure 1: Structure of Report
(Source: Self-created)
[bookmark: _ngqbztmebmjl][bookmark: _Toc215447637][bookmark: _Toc215448044]1.8 Research Significance
This study is part of the trend in the direction of self-help in digital mental-health provision that provides emotional intelligence using technology. NLP integration puts traditional journaling into a chance to experience emotional-analysis dynamically because the users can comprehend inner psychological changes which would normally be ignored (Mishra et al., 2023). The application will promote active care, self-reflection, and early recognition of emotional distress by providing personalized reflections.
In addition to personal gains, the study points to the ethical development of AI systems that handle the sensitive personal data. It solves the privacy problem by creating technology that will offer users complete access to emotional data, ensuring the growth of trust and responsible innovation. With the method, it will facilitate academic learning and reinforce knowledge in the area of full-stack development, machine learning, and mental-health technology.
Moreover, the solution has the social value of enhancing community-service objectives, and it serves as a beneficial tool in the enhancement of non-clinical well-being. The prototype can also be improved to become a scaled system and be extended to larger mental-health efforts. Therefore, the current dissertation is not only a way to meet academic requirements but also evidence of valuable technological input in the world of emotional wellness.
[bookmark: _kd9v47az1jfl][bookmark: _Toc215447638][bookmark: _Toc215448045]1.9 Conclusion
The chapter as an introduction has introduced with the mental-health issue on the rise and the technological advances to enable emotional well-being based on self-reflection. The background, rationale, aim, objectives, and research questions provided a clear guidance in developing an AI-compelled journaling platform that was centered on emotional insights and data privacy. The suggested system is helpful in narrowing the gap between the existing digital access self-help systems and the clever emotional analysis. The following chapters will summarize available literature and technological premises and then explain the process and execution of the Mental Health Check-In App.
[bookmark: _ksxb5tlr81k1]

[bookmark: _wmno8e8nuqsn][bookmark: _Toc215447639][bookmark: _Toc215448046]Chapter 2: Literature Review
[bookmark: _23cdnuteayoa][bookmark: _Toc215447640][bookmark: _Toc215448047]2.1 Introduction
Mental health has become a crucial issue of the digital era as people are stressful, anxious, and tend to experience emotional burnout due to their lifestyle demands and social media influence. Technology-driven self-help technologies, including mobile and web applications, in turn, are becoming increasingly popular to track the state of mental health and help individuals identify their emotions. Sentiment analysis has allowed emotion feedback to be automated or customized with the help of Artificial Intelligence (AI) and Natural Language Processing (NLP, in particular). The following literature review will be based on a critical analysis of the available research sources connected with the subject of mental health applications, AI-based sentiment detection, and emotion-tracking journaling systems to prove the usefulness of the offered check-in app.
[bookmark: _4zwsrpha7bht][bookmark: _Toc215447641][bookmark: _Toc215448048]2.2 Conceptual Framework

[bookmark: _Toc212671971][bookmark: _Toc215447979]Figure 2: Conceptual Framework
(Source: Self-created)
[bookmark: _e4nhpcy63l3m][bookmark: _Toc215447642][bookmark: _Toc215448049]2.3 IDVs & 1 DV 
The current research is based on three Independent Variables (IDVs): visual mood tracking, journaling-based emotional expression and AI-facilitated sentiment analysis. With time, journaling has been found to enhance thoughtful reflection and emotional regulation since it helps users to express their feelings (Ghosh and Bhattacharya, 2025). Sentiment analysis can be elevated to the level of AI to enable classifications of emotional indicators on written quotes, providing personalised information thereby raising the involvement of individuals and self-awareness (Hossain, 2025). Mood-trend visualization enables the user to see trends in behaviour and changes in mood, to monitor triggers and the overall mental health (Madan and Gautam, 2025 ).
Emotional well-being is the Dependent Variable (DV), and the measure of the ability of users to identify the emotions, reflect on them and cope with them with the help of the app (Eisenstadt et al., 2021). The research shows that in the case users will develop better emotional awareness, stress levels will drop, and cognitive clarity will go up. 
[bookmark: _v7b7ziaqmb6t][bookmark: _Toc215447643][bookmark: _Toc215448050]2.4 Empirical Study 
According to Authors Jang et al., (2024), journaling is a significant part of emotion reflection and self-awareness when used in conjunction with interactive digital tools that tailor the user experience. The EmotionFrame system was also presented in their study in the home set-ups to store feelings according to the daily activities of the users. The results demonstrated that there is a great relationship between regular self-journaling and better recognition of behavioural triggers and emotional patterns.
In addition, Jang et al. (2024) also discovered that, journaling tools that provided encouragement to reflection as opposed to being storing tools proved to be more beneficial to the user. These aspects of the interactive design, including sentiment queries and graphical indicators, assisted the participants to be more aware of mood fluctuations. The research also highlighted how emotional expression of space on the web could alleviate the psychological burden by enabling the user to express and share experiences privately without exposure to judgement. This is in direct conformity to the purpose of the suggested Mental Health Check-In App where journaling is the initial source of emotional discharge and acclimatization.
According to author Chandak (2023), The Help Out application shows that AI-driven sentiment analysis is able to identify emotions in minute details and generates personalised conclusions that capture the mental state of a specific user. Chandak (2023) discovered that sentiment-based feedback was also well-received by the users because it confirmed their feelings and helped them feel known even when not interacting with a person. This is in favor of the idea that AI-driven tools could lower the emotional burden, and act as the auxiliary self-help.
Study of Chandak (2023) also reveal that affective alerts are effective in assisting users to notice negative emotion spirals early so that they can proactively respond to them. The patterns of the data recorded across several journal entries could be visualised as an indicator of rising stress or sadness, and it was demonstrated that emotion-classification models would prove significant in the case of long-term enhancement of mental health.
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[bookmark: _Toc212671972][bookmark: _Toc215447980]Figure 3: AI Search Strategy
(Source: Kusal et al., 2021)
According to authors Kusal et al., (2021), Artificial Intelligence (AI) has evolved to form one of the key technological solutions to the perception of emotions in textual communication, and the worth of the AI is considerable in digital mental health solutions. A research is currently in motion and is interesting in learning how NLP-based sentiment-classification model and emotion-classification models stereotypes can be utilized to enhance the task of computers to read human affective behaviour in real time (Kusal et al., 2021).
(Kusal et al. 2021) tried extensively to test empirically the use of the AI to identify emotions in large volumes of text on a large scale. They tested many machine learning and deep learning systems like Support Vector machine (SVM), Naive bayes and Convolutional neural Network (CNN) and Long Short-term memory (LSTM) networks. On the basis of the findings, deep learning models demonstrated significantly higher performance in comparison to the traditional machine learning models of recognizing more complex emotional stimuli and language anomalies, i.e. slang, sarcasm and multi-label sentiment. The researchers also discovered that the mechanism of attention and contextual embeddings, when used, resulted in the higher number of successful recognitions of emotions in the subtle text.
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[bookmark: _Toc212671973][bookmark: _Toc215447981]Figure 4: Emotionally Intelligent AI Architecture 
(Source: Akhtar et al, 2025)
According to Authors Akhtar et al., (2025), the Emotionally Intelligent AI (EIA) systems, which work towards the enhancement of human-computer interaction with the use of sentiment and emotion decoding in NLP. Their experimental results revealed the radical contribution of transformer-based models including reachable BERT and RoBERTa, which can identify a more profound semantic connection in human language. After integrating sentiment analysis with the psychological models of affects like valence-arousal emotional dimensions, their study proved the great increase of the emotional adaptability in real time and the personalised responses made by the system. Such improvements foster more compassionate communication and AI systems are useful in areas such as mental health advising, social companionship apps and customer service..
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[bookmark: _Toc212671974][bookmark: _Toc215447982]Figure 5: Affective Visualisation Design
(Source: Lan et al., 2023)
According to Author Lan, et al., (2023), the emotional understanding may be greatly improved in case data is visualized using the affective visualization instruments. Their work points to the fact that the conventional data displays tend to ignore the emotional aspect of a human to allow less user interaction and less interpretation. Because these design principles can be adopted on an emotional level, i.e. the psychology of colour and expressive shapes and familiarity with emotion cues, users can be more inclined to relate to the ideas behind the design. According to them, affect-driven visual analytics may assist users to discover concealed emotional patterns in personal information to facilitate an elevated sense of reflection and behavioral insights.
Lan and others (2023) also highlight that users obtain a stronger sense of self-awareness when they have a visual perception on emotional patterns. Their results indicate that affective visualization facilitates the process of reflection, since people can readily determine emotional peaks and lows, and correlate them with their experiences in the past.
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[bookmark: _Toc212671975][bookmark: _Toc215447983]Figure 6: Feedback on Visual Features Identification
(Source: Wang et al., 2023)
According to Author Wang et al., (2023), the conversion of emotion categorized data into definite visual features facilitates the identification of behavior alterations and mental conditions. They found out that emotional variations can be better interpreted by visual analytics when converted to text presentation as opposed to plain textual feedbacks. As an example, timelines, heatmaps, and emotion- distribution charts as examples of graphical representation effectively assist in long-term emotional analysis.
According to their empirical review, users are more likely to gain more cognitive control over the emotional data when they are able to filter, compare and explore emotions across time. This holds weight in favor of creating a design of an app interface involving the ability of users to dynamically monitor their emotional past, resulting in better personal understandings and self-regulation, as well as.
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[bookmark: _Toc212671976][bookmark: _Toc215447984]Figure 7: Technology-based Feedback System 
(Source: Fougor and Erradi, 2025)
According to Fougour and Erradi (2025), individualized feedback in computer-based learning settings is essential towards helping the individual learners to develop cognitively as well as emotionally. Their systematic analysis examined the role of technology-based feedback systems in the engagement of users, their mood and general learning processes. They discovered that the users are more motivated and emotionally satisfied when systems deliver more personalised responses depending on their individual behaviour and performance. Individual response does not only help in understanding but also in helping people comprehend their own progress and weaknesses, which will eventually lead to self-awareness. Another aspect that their review emphasized is the fact that emotionally supportive feedback enhances psychological comfort, particularly in those users who otherwise might experience the sense of isolation or stress in the context of interacting with the digital tools.
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[bookmark: _Toc212671977][bookmark: _Toc215447985]Figure 8: Digital Technologies for Enhancing Personalised Recommendation System 
(Source: Gan et al., 2024)
According to Authors Gm et al. (2024), the digital recommendation systems addressing online education, aiming at providing personalised recommendations. Their inspection underlined that recommendation technology enhances user experience, by delivering the same in relation and prompt insights created on the basis of behavioural information and user inclinations. They also understood that personalization has a notable impact on the user engagement and satisfaction because people feel that the system is aware of their needs and feelings. The paper also found that intelligent recommendational systems assist in ensuring that cognitive overload is minimized by making the decision-making process easier, which is an advantage in achieving emotional stability. They further confirmed that when users feel there are distinctly personal gains to be acquired (e.g., adaptive suggestions, better self-monitoring, and promotion based on their emotional and behavioural feedback) chances of using a platform again are clearly increased. 
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[bookmark: _Toc212671978][bookmark: _Toc215447986]Figure 9: Attitude towards GDPR Compliance 
(Source: Marikyan et al., 2024)
According to Marikyan et al. (2024), the data privacy issue has also been heated because of the enactment of the General Data Protection Regulation (GDPR), especially in terms of the emotional reaction of people toward data management procedures. Their case study shows that GDPR is playing the role of a regulatory tool but also a psychological empowerment tool. The authors discovered that an emotional security and trust in the digital systems increases in the case when users believe that proper data protection measures are implemented. This emotional licensing makes them more ready to participate in platforms that operate based on technologies, including the ones which gather sensitive personal data. On the other hand, anxiety will set in and negative attitudes towards digital services will be developed when the level of risk of breach of privacy is high but trust in protective measures is low. They find perceived transparency, control and ethical data processing to substantially enhance the user acceptance and comfort. 
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[bookmark: _Toc212671979][bookmark: _Toc215447987]Figure 10: Integrated Framework of Privacy Structuration 
(Source: Quanch et al., 2022)
According to Authors Quach et al. (2022), they examine the role of the advanced digital technologies in introducing new strains of privacy, especially in the data context. Their empirical analysis proves that although digital innovation provides a high-level of personalization and convenience, it creates the problem of consumer concerns of surveillance, and use and exploitation of the data without the permission of the consumers. The authors discovered that users are becoming more and more conscious of their digital footprints, which presents a contradiction with the fact that they clearly appreciate the advantages of digital, whereas they are concerned with a lack of privacy. Their studies show that user trust in an organization reduces sharply when the company does not communicate their intentions with regard to data handling. The research also indicates that all the emotional reactions (fear, vulnerability and skepticism) have stronger impact in adoption of digital tools as compared to the functional attributes. 
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[bookmark: _Toc212671980][bookmark: _Toc215447988]Figure 11: Patient and Public Involvement
(Source: Zidaru et al., 2021)
According to the authors Zidaru, Morrow and Stockley (2021), the situation with the shift to AI-assisted mental health care necessitates a robust emphasis on the role and engagement of patients and populations in order to make sure that the technology created is ethical, acceptable, and user-centred. Their selected systematic scoping review investigated the use of user participation in the design processes of the available digital and AI-driven mental health tools. This led to the discovery that despite the potential of AI in having a fast diagnosis, more personalisation, and better accessibility, a number of studies have omitted direct interaction with end users at the stages of development. Consequently, issues of privacy, credibility, distrust, and non-representation were raised. The authors presented the information showing that disadvantaged populations were frequently underrepresented in the decision-making process establishing the threat of bias and strengthening inequality when it comes to accessing mental health facilities. They highlighted that effective involvement tools, including co-design workshops, iterative feedback and collaborative testing, have the potential to enhance user satisfaction, compliance on ethical matters and the real-life adoption greatly. 
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[bookmark: _Toc212671981][bookmark: _Toc215447989]Figure 12: Review of the area of e-mental health
(Source: Timakum et al., 2022)
According to Authors Timakum, Xie and Song (2022),  they conducted a review of the area of e-mental health, with emphasis on correlation between technology and mental healthcare development. Their research identified the trends using bibliometric analysis to identify the way digital interventions are developing. As they noted, feature deep learning, sentiment analysis, and digital behavioural data are used more and more in systems to identify mental distress and provide remote assistance as illustrated in above image. Nevertheless, they also found a lack of actual clinical validations, issues with data privacy and global access to them, particularly in under-resourced areas. The authors conclude that the possibilities of technology are bright in case of integration with clinical expertise and mental health professionals to be used safely and meaningfully. 
[bookmark: _2wnu1w51t5a5][bookmark: _Toc215447644][bookmark: _Toc215448051]2.5 Theories & Models
The Mental Health Check-In App proposed is based on a series of theoretical and computational models, which collectively assist in the emotional awareness, behaviour change, and delivering smart feedback. To begin with, the theory of self-reflection is the basis of digital journaling features, as it is argued that people develop a more robust emotional control in case they record and describe emotions frequently (Karaturhan et al., 2022). Internal processing of the stressors and cognitive restructuring through writing of the internal thoughts into expressive text is facilitated by journaling, which is in line with the reflective advantages elicited by digital journaling research.
Technologically speaking, actual-time interpretation of emotion is made possible by Natural Language Processing (NLP) models and AI-based affective computing models. Sentiment polarity, emotional tone and psychological state can be identified with emotion-classification frameworks based on machine learning and deep learning architectures, including CNNs, LSTMs, and transformers (Tiwari, 2025). Theories in affective computing also postulate that emotion intelligence in technology encourages trust and relationships between techs and users, facilitating sympathy relating to congenial responses in techs.
Also, valence-arousal emotion theory educates the visual representation of the mood states based on levels of intensity and positivity of any given emotion (Cao and Cao, 2025). This method is favourable to the mood-trend chart aspect of the application, as it allows users to comprehend distress patterns, behavioural causes, and emotional consistency using graphical displays.
Lastly, the ethical background of the app is based on the data trust and user-agency models, where emotional disclosure is meant to be transparent, with privacy protection and the user having control over their own records.
[bookmark: _7gc4568teqjl][bookmark: _Toc215447645][bookmark: _Toc215448052]2.6 Literature gap
Even though the recent studies have already achieved a lot in terms of digital mental-health solutions, some gaps are still present, which indicates that the innovation like the proposed Mental Health Check-In App is necessary and that numerous existing apps act rather as passive records-keeping tools instead of actively helping a person become more mindful and reflective (Chandak, 2023). The research on the topic of digital journaling has already confirmed that it can be used as a helpful tool in supporting emotional expression, most of the current applications are mere records that help individuals store the information but are not designed to facilitate experiencing a more profound level of self-reflection (Jang et al., 2024). 
Although the sentiment analysis and emotion-classification models have proved to be highly accurate in detecting the cues related to the affective state, the practical applications in the actual world have been stressed by the empirical studies on the limitation. Most of the systems are still experimental and are not utilized in real life scenarios but in controlled environments. 
The available research on affective visual analytics emphasize emotion-focused design but seldom use these visual findings to long-term personal mental-health interaction. The emotional labels or scores can be given to the user but without the continuity of trend interpretation process that enables the user to reflect on the progress, regression, or effectiveness of coping.
The other notable literature gap is on individualised feedback in mental-health applications. Although the adaptive recommendation systems are available in the education and commercial platforms, there is a limited study on their emotional impacts in the area of self-care and psychological well-being. 
Another gap that is critical is privacy concerns. Despite the fact that research recognizes that mental-health information is an emotional topic, it has not sufficiently examined how regulatory measures such as GDPR could also be combined with user controls on security. 
[bookmark: _fupm1yxshn9b][bookmark: _Toc215447646][bookmark: _Toc215448053]2.7 Conclusion
The chapter has assessed the current literature pertaining to the interfaces of journaling, emotion classification based on AI algorithms, visual mood detectors, personalised feedback, and privacy theories in digital mental health technology. Overall, the results in this paper indicate that technology has a solid potential to increase emotional awareness, reflective practice, and psychological well-being through an effective design. Nevertheless critical shortcomings still exist such as little real world validation, a lack of personalised feedback and poor participation of users in the design of the system. In addition, privacy issues and cultural biases of models in NLP remain a concern to popular implementation. It is based on these lessons that the proposed Mental Health Check-In App must be developed as a more community-focused, inclusive solution to the reported inefficiencies.
[bookmark: _Toc215447647][bookmark: _Toc215448054]

Chapter 3: Methodology
[bookmark: _vl6prsvv4c4m][bookmark: _Toc215447526][bookmark: _Toc215447648][bookmark: _Toc215448055]3.1 Introduction 
The chapter provides insights into the design, construction, and testing of the Mental Health Check-In App. The chapter outlines the overall methodology plan, philosophical standpoint, and the approach adopted. It also gives the research design, research method and strategy that was applied to complete the project. Moreover, the chapter provides the process of training the sentiment-analysis model and creation of the web-based journaling system. Data analysis and evaluation of system performance process is also provided. This systematic exposition will also make the process of development straightforward and coherent and consistent with the purpose and goals of the study.
[bookmark: _clbyfjvciocz][bookmark: _Toc215447527][bookmark: _Toc215447649][bookmark: _Toc215448056]3.2 Method Outline
The project was done in a systematic approach to come up with a workable prototype that enables emotional reflection using journalizing, sentiment analysis and a mood tracking. This approach started with the review of existing literature that would help to determine machine learning methods and the characteristics of the system to be used. Then, a stage of data preparation was performed, during which an emotional text in which the samples were processed was used to train. The data was cleaned in a Python environment (notebook) in order to submit them to text-preprocessing operations, feature extraction, and a sentiment-analysis model. The final trained model and processing pipeline were stored as pickle files stored to use in the future.
The development phase entailed the development of a simple Flask web app. The user interface was done using HTML, CSS, and JavaScript, and Python handled logic on the editing side of the banks. The pickled models were fed in the Flask app to categorize user journal entries and produce emotional insights. It was also implemented using simple charting libraries which generated visual moods in the app.
Testing was also performed to ensure that the model, interface and workflow were correct. The functional testing and manual evaluation were done to ensure each feature worked as expected. This approach gave a good connection between the development of machine learning and its implementation in real life in an easy and systematic way (Fontes and Gay, 2023).
[bookmark: _ccw8mp48x9lo][bookmark: _Toc215447528][bookmark: _Toc215447650][bookmark: _Toc215448057]3.3 Research Philosophy
The study is based on the pragmatism philosophy that advocates the application of utilitarian approaches and instruments to solve actual challenges. Pragmatism adopts the claim that the knowledge is not developed using abstract theories but rather in terms of actions and useful results (Ormerod, 2024). Because the proposed project seeks to develop a functional web-based mental health check-in system, pragmatism is very suitable as it emphasizes on developing solutions that meet the needs in the real environments.
The mix of various techniques is also advocated by the philosophy. This is significant because the project is based on machine learning and also system development approaches. The sentiment-analysis model relies on technical understanding whereas the app needs practical design determination to make usability and understanding of structure clear to users (Bordoloi and Biswas, 2023). Pragmatism permits adopting any approach that assists in achieving the project goals and these include coding, experimentation and assessment.
Also pragmatism advocates progressive change. This corresponds with the prototype development process where there is first, the model training stage, the integration phase, and the testing stage. The philosophy agrees that truth is relative and not constant and depends on utility of consequences. In this project, usefulness is demonstrated by the fact that the system is able to categorize emotional text, put mood patterns on the screen, and help the individual reflect on them.
[bookmark: _7sh79qm2v5h][bookmark: _Toc215447529][bookmark: _Toc215447651][bookmark: _Toc215448058]3.4 Research Approach 
The method applied in the research is deductive, which assumes the starting with the theories that are present in the published literature and then uses them to build a real system. Literature explains that NLP and sentiment analysis are useful to reveal patterns of emotions and these theories influenced the model design in this project. The deductive method aids in the formulation of hypotheses using the previous results (Longo and Santoro, 2022). Indicatively, earlier studies indicate that machine learning models are capable of classifying emotions in a sound manner. According to this, this project presupposes that a trained model may also differentiate the type of emotions in journal entries.
The method begins with some general ideas and then proceeds to particular use. To begin with, the method of sentiment-analysis and text preprocessing techniques were found through the academic literature. These concepts were further used in model training in Python. Subsequently, the trained model has been applied to the Flask application in order to deliver emotional feedback.
The deductive approach is appropriate since the project does not aim at finding out new theories, but rather at using the existing knowledge to create a working tool. The strategy also enables a systematic growth, organization and quantifiable results. By doing this, the available scientific knowledge on sentiment analysis would inform the real-life development of the system.
[bookmark: _v84coagfsvjc][bookmark: _Toc215447530][bookmark: _Toc215447652][bookmark: _Toc215448059]3.5 Research Design
The research design adopted by the project is the design-science research design, which is aimed at constructing a technological artefact that works. The design is appropriate since the final product is a practical web application and a sentiment-analysis model. Design-science is characterized by identification of a problem, developing a solution, testing and evaluation (Tuunanen et al., 2024). These phases are corresponding to the project structure.
The design process starts with the need to learn about the necessity of digital reflection tools of an emotional character. According to literature, most mental-health apps do not have individual feedback. The project resolves this gap through developing an app that looks at the text in journal and generates emotional insights. Once the problem is defined the next step is the artefact development. This involves training machine learning model, saving it as pickle file and connecting it with the Flask application.
The usability is also taken into account in the design. The user interface is made out of HTML, CSS, and JavaScript. Emotional trends could be viewed through the use of basic charts. The testing is done to guarantee that the design is functional and achieves the goals.
Design-science provides on-going improvement. In case of errors, it is possible to enhance the model or interface and not the entire system. Such a research design hence promotes innovation, feasible solutions, and incremental development.
[bookmark: _xtpvlji9g6ks][bookmark: _Toc215447531][bookmark: _Toc215447653][bookmark: _Toc215448060]3.6 Research Method
The research design is quantitative in nature since the key issues of the system are represented by the numerical results, the quality of the modeling, and the issue of sentiment. The machine learning model reads and makes numerical values on sentiment categories. This is achieved through the fact that these numerical outputs enable one to assess performance objectively.
Machine learning is able to be trained and tested using quantitative data, as the resulting outcomes are able to be quantified (Maleki et al., 2022). When creating a model, the accuracy score, the precision value and the confusion matrix can be applied to determine the ability of the model to detect emotions. The project does not involve a big real-life dataset, but the approach still follows the approach of numerical assessment of model behaviour confirmation.
The quantitative elements are also involved in the web application. As an example, the trending of moods is presented in charts, and their operation is based on the similar entries made by users. These visualisation will change emotional states to quantifiable patterns over time.
Repeatability is also supported by the method. The model that is trained can be tested many times to ensure that the results are constant. Quantitative techniques emphasize reliability, objectivity and formal analysis that would be applicable in both machine learning and testing the system. Since the purpose of the project is to develop a functional tool with assessable model performance, the quantitative approaches will provide a clear and coherent base.
[bookmark: _76g2kwivcgn2][bookmark: _Toc215447532][bookmark: _Toc215447654][bookmark: _Toc215448061]3.7 Research Strategy 
The study employs the prototype development strategy that aims at the development of the early working version of the system to test the essential functions. The strategy facilitates quick-growth, easy testing, and straightforward enhancements (Miller, 2021). The prototype incorporates the key functionality of the system, which is journaling input, sentiment analysis, personalised feedback, and mood-trend visualisation.
The first step of the strategy is to train the sentiment model. Data preparation, text cleaning, vectorisation, training and evaluation is performed using Python notebook. When the model is working satisfactorily, the model is stored as a pickle file, and the necessary preprocessing tools are stored. It is simple to load the model in the web application.
Once the model was prepared a Flask application is generated as the primary prototype. It is only simple interactivity, which JavaScript supports since user interface enables entering the text. The saved model is loaded at the backend, it works with text, and gives results. The emotional trends are shown as charts.
The prototype will allow testing on every stage. When one feature fails it can be corrected without necessarily having to re-write the entire system. This plan is appropriate in academic projects as it can deliver an effective resolution to little time and resources.
[bookmark: _3diwvkdx5cvu][bookmark: _Toc215447533][bookmark: _Toc215447655][bookmark: _Toc215448062]3.8 Data Analysis Procedure
The analysis of the information is grounded in the machine learning methods of sentiment classification. This starts with the preparation of a dataset of emotional text. Simple preprocessing procedures like lowercasing, removing punctuations, stopwords and tokenisation are used to clean the data. This is then transformed into numeric representation through a method which uses the technique of vectorisation.
Once it has been vectorised, the data sets are trained on a supervised machine learning model. Some of the algorithms that can be used to test include logistic regression, support vectors machines, or even simple neural networks. The accuracy and other measures can assist towards selecting the most appropriate model. The picked model and tools of preprocessing are stored as pickle files.
The analysis is further done within the Flask application. When a journal entry is submitted, the processing of the text is performed in the same manner as preprocessing that was performed during training. The trained model is used to predict sentiment by passing the vectorised text to the trained model. This is then translated into uncomplicated emotional categories like positive, neutral or negative.
The expected emotions are kept and applied to create mood-trend graphs. Such graphs can assist a user to know how emotional changes occur with time. The processing model thus incorporates machine learning predictions with visual explanation in order to make emotions aware.
[bookmark: _cidy7pdej0t8][bookmark: _Toc215447534][bookmark: _Toc215447656][bookmark: _Toc215448063]3.9 Conclusion
The complete methodology of completing the project was outlined in this chapter. The strategy involved machine learning development along with the development of a feasible web-based application. The choice of useful methods was also based on pragmatism, whereas the application of existing theories was supported by a deductive approach. Functional prototype was developed as a result of the design-science approach. Quantitative techniques were used to ensure that the system performance and model could be measured easily. The identification and presentation of emotional patterns were possible due to the data analysis process. In general, the methodology has a well-organized basis to develop the Mental Health Check-In App and to improve it.


[bookmark: _2figu98m6te][bookmark: _Toc215447535][bookmark: _Toc215447657][bookmark: _Toc215448064]Chapter 4: Result and Analysis 
[bookmark: _8n769pgmqml1][bookmark: _Toc215447536][bookmark: _Toc215447658][bookmark: _Toc215448065]4.1 Introduction
This chapter portrays the findings of the creation of Mental Health Check-In App and its machine-learning model. The results are centred around the behaviour of sentiment-classification model, the performance of Flask web application and the interaction of preprocessing, prediction and user input. The observations are made in the machine-learning notebook, backend implementation, frontend behaviour and the system workflow. The evaluation is supported by the figures in the development phases, such as, loading the dataset, cleaning text, training the model and rendering web interface. The strengths of the application are also described in the chapter and the areas that need improvement highlighted depending on the practical testing.
[bookmark: _npddio440fm][bookmark: _Toc215447537][bookmark: _Toc215447659][bookmark: _Toc215448066]4.2 Finding & Analysis 
[bookmark: _iadncqx9o1oa][bookmark: _Toc215447538][bookmark: _Toc215447660][bookmark: _Toc215448067]4.2.1. Notebook part
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[bookmark: _72o62ghkm55r][bookmark: _Toc215447990]Figure 13: Loading libraries 
(Source: Made by self in Jupyter notebook)
In this figure, the first action of the notebook in which all libraries necessary in Python are imported is indicated. Such imports cover the data handling tools, preprocessing, machine learning modelling, evaluation, and file saving. Pandas and numpy libraries are used to manipulate the dataset, and scikit-learn is used to include the tools of the vectorization of the data, training the model, and measuring its performance. Other modules aid in cleaning up of texts and data breaking. At the outset loading libraries is done so that all the functionality is ready when it comes to subsequent stages of model creation. It is a step that is the basis of the notebook workflow, allowing the processing of the data, training the sentiment classifier and exporting the final trained model to be used by the web application.
[image: ]
[bookmark: _rmlws1k7rzc7][bookmark: _Toc215447991]Figure 14: Loading dataset 
(Source: Made by self in Jupyter notebook)
In this figure, we understand that the dataset of sentiment is read into the notebook environment. Pandas is used to load the CSV file that provides a preview of the data to ensure that the columns like text and sentiment appear. Fields such as year, month and platform are also present on the initial dataset, but only text and sentiment are how the data is needed to be trained. The process of loading data is very important since it defines the quality and structure of the input in terms of which the model is developed. This operation ensures that the data is available, correctly formatted and is now available to be cleaned, preprocessed, and converted into an easily understandable format suitable to machine-learning applications.
[image: ]
[bookmark: _q5njxhlnx970][bookmark: _Toc215447992]Figure 15: Test preprocessor functionality. 
(Source: Made by self in Jupyter notebook)
This number illustrates the experimentation of the in-house text processing method. The role uses multiple cleaning tasks that include lowercasing, the removal of punctuations, deletion of stopwords as well as unwanted spacing. The function is applied to a sample text to ensure that it is working as intended and then the whole dataset is applied. Testing also makes sure that the functional output of results are clean and regular text, something that is highly needed to enhance model accuracy. The step is also used to ensure that the preprocessing pipeline is working as desired and that the cleaned text retains valuable meaning without having noise that is likely to harm the sentiment classification performance.
[image: ]
[bookmark: _2ykoatm18c45][bookmark: _Toc215447993]Figure 16 : Processing and visualising results. 
(Source: Made by self in Jupyter notebook)
This chart shows the entire data set that has been preprocessed on all text entries. It creates a new column which is usually called clean text in which the cleaned copy of each journal is stored. This is done to make everything in the sample go through standardized transformations. The figure provides an overview of the processed information and it was ensured that the lowercasing, stopword elimination and punctuation cleaning process took place across the board. It can provide a visual comparison of original and cleaned text on output, and therefore check that preprocessing enhances the quality of data. This processed data is the ultimate input to the training of the machine learning model and doing a vectorization.
[image: ]
[bookmark: _l9vcexkw7b3f][bookmark: _Toc215447994]Figure 17: Division of data into test and train. 
(Source: Made by self in Jupyter notebook)
This represent the split of the data into training and testing partition using the train test split function of the scikit-learn. Normally, 80 percent data is utilized in training whereas 20 percent is allocated in evaluation. This split is intended to enable this model to be trained on patterns of one portion of the data and tested on untouched samples. This avoids the problem of overfitting and is good in producing a model that generalizes. The figure shows that, both clean text and sentiment labels are divided into an input and an output part. This operation preconditions the data preparation to the training of the classification models.
[image: ]
[bookmark: _h67bns4jaw5r][bookmark: _Toc215447995]Figure 18: TF-IDF text higher order statistics. 
(Source: Made by self in Jupyter notebook)
The figure displays the conversion of text after cleaning to numeric characteristics with the help of the TF-IDF vectorizer. The TF-IDF (Term Frequency detection, Inverse Document Frequency) transforms words to have weighted scores according to their weight in the data set. The outcome is a sparse matrix which encodes each journal entry as numbers so that machine learning algorithms can be used to process text based information. The vocabulary is learned in the training set and the training set and the test set are each mapped using the same mapping that the vectorizer has been trained on. This action is needed as the ML models are mutually incapable of operating on raw text; rather, they need to be presented with numeric data. The reflection ensures that successful model training has occurred with a vectorized image.
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[bookmark: _8a55kw8gog1t][bookmark: _Toc215447996]Figure 19: Creating a Logistic regression model to predict sentiment. 
(Source: Made by self in Jupyter notebook)
This value demonstrates how a Logistic Regression classifier can be made and trained on the TF-IDF vectorized training data. Logistic Regression is selected because it is simple, efficient and it performs well on text classification. The training stage enables the model to acquire patterns that are related to the positive, neutral, and negative emotional labels. The code predicts the model on the training matrix and the sentiment labels associated with the training matrix. The figure means that the classifier is fitted successfully and is now ready to be evaluated. This is the move between the stage of preprocessing and the actual machine learning that will become the heart of the prediction engine in the later stages of the web application.
[image: ]
[bookmark: _5a9a179if98t][bookmark: _Toc215447997]Figure 20: Accuracy of the logistic regression model. 
(Source: Made by self in Jupyter notebook)
This value shows the analysis outcomes of trained Logistic Regression model. It contains accuracy score, classification report and perhaps a confusion matrix. These metrics indicate the prediction power of the model on unseen test data in terms of sentiment. The accuracy represents the overall performance percentage whereas precision, recall, and F1-scores assess the performance of each sentiment category in particular. The confusion matrix is an image that illustrates correct predictions and erroneous predictions. This testing will establish the reliability of the model to be used in the prediction in real-time in the web application. The number shows that the trained classifier is able to generalize and is capable of classifying user journal entries with acceptable accuracy levels.
[image: ]
[bookmark: _2hno8zj2g2e1][bookmark: _Toc215447998]Figure 21: Saving model and preprocess pipeline, which has been trained. 
(Source: Made by self in Jupyter notebook)
This image represents the last stage of the trained ML model and vectorizer exporting as pickle files. Python pickle module is used to save the model and TF-IDF vectorizer therefore they can be loaded later within the Flask application without being trained again. The element of saving provides portability and efficiency since the web application is able to perform quick predictions with already trained components. This action links the notebook effort with the web application so that there is smooth integration of offline model development and online sentiment analysis. The number proves successful generation of model.pkl and vectorizer.pkl, that will be crucial resources to the sentiment prediction used as a backend.
[bookmark: _71kyto7qxsm1][bookmark: _Toc215447539][bookmark: _Toc215447661][bookmark: _Toc215448068]4.2.2. Web Application
[bookmark: _jz6gnli1i2d5]4.2.2.1 Backend code
[image: ]
[bookmark: _u379396r50m9][bookmark: _Toc215447999]Figure 22: Environment variable set up. 
(Source: Made by self in Jupyter notebook)
The figure is a representation of the core Flask setup environment needed to support the running of the application. It involves bringing in the necessary modules, specifying the main application directory, the paths to files in the database and machine-learning model pickles and the development of the Flask app instance. User sessions are also managed by adding a simple session key. Such settings make the backend ready to load the resources, perform routing and save the states of sessions during the interaction between the user and the system.
[image: ]
[bookmark: _k8ohx0oo7awg][bookmark: _Toc215448000]Figure 23: Database configuration. 
(Source: Made by self in Jupyter notebook)
This amount shows how the SQLite database is handled and launched. The code provides a connection and defines helper functions to connect with the database and generates required tables like users and journal entries. It makes sure that the database is made in the event that it is not present. The arrangement enables the application to maintain user information, journal logs, time stamps, and anticipated sentiments, which constitutes the model of data on which one logs in, journal, and visualise emotional trends.
[image: ]
[bookmark: _wo3u1o4ijnc1][bookmark: _Toc215448001]Figure 24: Faster feedback mechanism processing. 
(Source: Made by self in Jupyter notebook)
This number displays the steps that were undertaken before sentiment prediction. On simple text cleaning, punctuation, additional space, numbers, URLs, mentions, and other common stop words are removed. This is to provide fast inputting of user text to be analysed as the preprocessing accustomed when the model is being trained. The simplicity of preprocessing also allows the rapidity of predictions, lowers the computational load, and enhances responsiveness in journal entry submission process while offering the user close real-time emotional responses.
[image: ]
[bookmark: _bledmhijd4xq][bookmark: _Toc215448002]Figure 25: Journal entry text cleaning feature. 
(Source: Made by self in Jupyter notebook)
This figure emphasizes the serious role of text-cleaning option adopted by the application before text goes to sentiment model. It normalizes user text by towing and decreasing redundant characters as well as purges common stopwords. The purpose is that, the input is regular with the manner in which the model was trained. This will be required to create the correct predictions and achieve equality in the quality of data, which will have a direct impact on the quality of the emotional classification in the web application.
[image: ]
[bookmark: _8hz2op5hqgzr][bookmark: _Toc215448003]Figure 26: Login enforcing index route. 
(Source: Made by self in Jupyter notebook)
This can be seen as the decorator of login requirement, as well as the index route. The decorator takes care of ensuring that one can only access pages such as the dashboard, journal, and mood history to authorized users. In case of the user not being logged in he or she is redirected to the page of a user. The landing path just guides registered users to the dashboard. These functions apply simple access control that will secure users data and ensure the presence of organized navigation within the application.
[image: ]
[bookmark: _6q6h2qeagpr2][bookmark: _Toc215448004]Figure 27: Register route 
(Source: Made by self in Jupyter notebook)
This figure gives the backend logic that applies to the user registration. The path accepts the form data, verifies the input spheres and confirms the information on the present accounts, then inserts the new user data in the database. The passwords are stored in plain texts since it is a prototype. Once registration is successful the user is shown a log in option. Applying this route, this makes the basis of user onboarding and creation of accounts so that one can create personalized journaling, as well as distinguish the emotional histories of various users.
[image: ]
[bookmark: _xsar0f5igaom][bookmark: _Toc215448005]Figure 28: Login route 
(Source: Made by self in Jupyter notebook)
The following figure illustrates the back-end code used to authenticate the user login requests. The route will compare the name or emailing with the password to the database. In case of credentials correlation, user data is stored in the session giving entry to secure pages. In case of authentication failure, there is a display of an error message. Access control system This route will make sure that the dashboard is available to only valid users who will be able to input journal entries and mood history and read them.
[image: ]
[bookmark: _s2rjsbxgfnxq][bookmark: _Toc215448006]Figure 29: Route to the Logout and Dashboard. 
(Source: Made by self in Jupyter notebook)
This graph depicts the logout and the dashboard feature. Logout route dissolves the session information and transfers the users to the login page. D beans loads the main user homepage upon successful login and it is used as a point of departure in navigating to journal entry submission or mood history. These paths ensure a control flow of users with the possibility of maintaining clean transition between authenticated activity and ensuring the safe end of a session in the application.
[image: ]
[bookmark: _c17z3u2esrkv][bookmark: _Toc215448007]Figure 30: Route and journal entry text analysis. 
(Source: Made by self in Jupyter notebook)
This figure illustrates the process of journal entries. Upon a user entering some text, the route purifies the text and vectors the text with the previously extracted TF-IDF model then learns the sentiment with the trained classifier. The sentiment label is data that is stored in the database together with the original text and the time. The page further shows the emotional feedback prediction. This pathway links the machine-learning model and the journaling functionality.
[image: ]
[bookmark: _r6nlevtyz506][bookmark: _Toc215448008]Figure 31: Mood history route 
(Source: Made by self in Jupyter notebook)
This number demonstrates how application retrieves previous journal records so that they can be visualised. It retrieves the values of sentiment and the time stamps stored in the database and converts these into lists and transmits them to the mood history template. The emotional trends over the time are illustrated using Chart.js. The path offers a systematic historic information, helping a user to recognize the trends in their mood and track their well-being developments using charts.
[image: ]
[bookmark: _ufas2pggi2tl][bookmark: _Toc215448009]Figure 32: API to load the chart in mood history. 
(Source: Made by self in Jupyter notebook)
This endpoint is an API endpoint that provides the recent journal entries in the case of a journal. It gets a given amount of entries sorted by the latest and displays the sentiment label, numeric, text, and time of each entry. This API is optional, however, it can be used to provide asynchronous chart updates or other dynamic functions in the future. It increases the flexibility by providing an uncontaminated data layout that may be utilized by frontend scripts or other tools.
[bookmark: _cmgldi46u2zx]4.2.2.2 Frontend
[image: ]
[bookmark: _57pmdazehoz4][bookmark: _Toc215448010]Figure: Base code 
(Source: Made by self in Jupyter notebook)
This number presents the general HTML layout that each page is dealing with. It has the navigation bar, content container, and the footer together with links to the shared CSS that establish the layout basis of the web interface.
[image: ]
[bookmark: _9xyz8av3goyh][bookmark: _Toc215448011]Figure 33: Login page code 
(Source: Made by self in Jupyter notebook)
This number shows the page of the log-in template based on the basic template. It also has input fields of username and password, formatted form controls and a link that takes the users to the registration page.
[image: ]
[bookmark: _5rmgu6qwxs87][bookmark: _Toc215448012]Figure 33: Register page code 
(Source: Made by self in Jupyter notebook)
This figure illustrates the page of registration. It offers fields like username, email, password and confirm button with base layout in order to ensure that the application has similar styling and navigation.
[image: ]
[bookmark: _4wvv1e74k5o8][bookmark: _Toc215448013]Figure 34: Dashboard page code 
(Source: Made by self in Jupyter notebook)
This is a code of the dashboard HTML code, which includes two feature cards and buttons. These enable the user to view journal entry posts and mood history, which makes the navigation easier to have a central point.
[image: ]
[bookmark: _3w0kl2bzq0lh][bookmark: _Toc215448014]Figure 35: Journal page code 
(Source: Made by self in Jupyter notebook)
This is a figure that depicts the journal entry page code. It consists of a big text area where a person can write, a submit button, and a field where the results of sentiment are displayed which are received by the backend model.
[image: ]
[bookmark: _qrh3evj7ridq][bookmark: _Toc215448015]Figure 36: Code of mood history page. 
(Source: Made by self in Jupyter notebook)
This illustration shows the HTML template of the mood history, which consists of a Chart.js canvas and Java-Script code. It translates emotional trend data delivered by the backend into an interactive line chart that is clean.
[bookmark: _ur211x640j8f][bookmark: _Toc215447540][bookmark: _Toc215447662][bookmark: _Toc215448069]4.2.2.3 Output
[image: ]
[bookmark: _188yfnu2avlk][bookmark: _Toc215448016]Figure 37: Login page 
(Source: Made by self in Jupyter notebook)
This figure exhibits the dynamicized interface of a log-in feature, where there are stylized input boxes and buttons. It provides an easy point of entry to individualized journaling and sentiment-analysis services to the users.
[image: ]
[bookmark: _gyrt2ax2r1dk][bookmark: _Toc215448017]Figure 38: Register page 
(Source: Made by self in Jupyter notebook)
The following figure shows the registration screen that is displayed in the browser. It contains fields of the form and clean style and it enables the user to create an account before having access into the applications that are secured.
[image: ]
[bookmark: _ejd47t9ejhfb][bookmark: _Toc215448018]Figure 39: Dashboard page 
(Source: Made by self in Jupyter notebook)
This image indicates the dashboard view and two major cards: adding journal records and the other one looking at the mood history. It acts as an navigation point on its use, once logged in.
[image: ]
[bookmark: _a5kr6092jrob][bookmark: _Toc215448019]Figure 40: Add journal page 
(Source: Made by self in Jupyter notebook)
This figure shows the journal writing interface, which has a huge text box. Users key in what they are thinking and post it, where the machine-learning model behind this application would provide emotional responses.
[image: ]
[bookmark: _gyvwi3qd7c86][bookmark: _Toc215448020]Figure 41: AI sentiment page feedback. 
(Source: Made by self in Jupyter notebook)
When waiting time to post a journal entry is completed, such a figure is presented. The system takes the text and displays the sentiment prediction label to the user immediately providing them with instant emotional input.
[image: ]
[bookmark: _9zraychcu498][bookmark: _Toc215448021]Figure 42: Mood history page 
(Source: Made by self in Jupyter notebook)
The following figure represents the interactive sentiment trend chart. It visualizes the history of emotional states with the assistance of Chart.js that enables users to observe the trends and see the differences in mood with time.
[bookmark: _badxkhyvs0l7][bookmark: _Toc215447541][bookmark: _Toc215447663][bookmark: _Toc215448070]4.3 Limitations 
Even though the project manages to prove a working prototype of emotional reflection, there are a number of limitations. The sentiment-analysis model was created based rather on a rather limited amount of data, thus not possibly representing the entire spectrum of human emotions that a person might experience (Wankhade et al., 2022). Consequently, the predictions will in some cases be simplified or wrongly categorize the complicated sentences. The preprocessing was also carefully basic to facilitate real-time feedback, but it also implies that understated linguistic details, sarcasm and context-related meanings are still not recognised completely. Balanced data are also required in the model and this may not be available in the data at hand.
The web application is created as a simple prototype and as such, it does not offer many security features. The passwords are always stored in plain text and user sessions are based on a basic key. These decisions can be admissible in some kind of an academic demonstration, but they cannot work in the real world deployment. Moreover, there is no elaborated user-management capabilities available, category division by emotions, and long-term statistical analysis more than a figure of a line chart in the application. The interface is limited by simple journaling with sentiment feedback instead of psychological understanding and customised suggestions. Lastly the model is not clinically proven hence the system should not be applied as a professional mental-health instrument and strictly applied to the educational and demonstration purposes.
[bookmark: _ko78tomwqnuo][bookmark: _Toc215447542][bookmark: _Toc215447664][bookmark: _Toc215448071]4.4 Conclusion
This chapter described the key findings of the sentiment-analysis model and the behaviour of official web application. The system showed how, with simple interface, text cleaning, as well as vectorizing and machine-learning prediction could be utilized to help in emotional reflection. Nevertheless, the prototype reveals the limitations, but it has been effective in demonstrating how sentiment analysis can be used to enable people to monitor emotional trends. The findings prove that the application achieves its academic goals and offers a premise of further enhancement and more sophisticated development of mental-health technologies.


[bookmark: _79xb9zmcz43q][bookmark: _Toc215447543][bookmark: _Toc215447665][bookmark: _Toc215448072]Chapter 5: Conclusion
[bookmark: _gpen5qhznqbi][bookmark: _Toc215447544][bookmark: _Toc215447666][bookmark: _Toc215448073]5.1 Introduction
The chapter is the final summary of the Mental Health Check-In App project and contemplates the key project outcomes, conclusions, and worth of the system. This chapter provides a review of the way the project achieved the academic goal of integrating a machine-learning sentiment model and a functioning Flask web application to assist emotional introspection. It talks about the meaning of the results, weaknesses and strengths of the system and practical relevance of the work. Recommendations and potential enhancements of the chapter as well as future directions to further develop the prototype into more sophisticated, reliable, and easy-to-use digital mental-health solution are present in the chapter.
[bookmark: _havgeu56qnat][bookmark: _Toc215447545][bookmark: _Toc215447667][bookmark: _Toc215448074]5.2 Discussion 
The project had the purpose to develop a simple and user-friendly digital product, which assists the user in recognizing his or her emotional state using journaling and automated sentiment analysis. This concept is proven in the completed prototype which combines the process of text preprocessing, a trained logistic regression model and a working web interface. This combination demonstrates that a lightweight machine-learning-based model may be deployed to achieve prompt feedback so that users could get to see trends in how they express emotion.
The machine-learning notebook presented understandable findings. It was demonstrated by the training pipeline that sentiment can be classified with a reasonable degree of precision by utilizing text cleaning, TF-IDF vectorization, and logistic regression with clean training data. The findings confirmed that the model could be used to predict positive, neutral, and negative labels although the accuracy would be highly reliant on the quality of the dataset. The fact that it operates on a small dataset using easy preprocessing implies that a model can be challenged by complex emotional language, sarcasm, or even subtle meanings. Nevertheless, with a student prototype, the method was efficient in both training periods, prediction speed, and satisfactory accuracy.
The web application framework was also well performed. The saved model and the vectorizer could be developed and easily integrated in Flask. During testing, the database storage, the system of the log-in, the journaling page, and the mood-history chart all worked flawlessly. The layout of the system was maintained in a clean and user-friendly manner and therefore, new users could easily get the workflow of the system. The mood history feature would demonstrate how entries by the users could be visualised using a simple line graph and assist users in taking a reflection on how their emotional state has changed overtime. This corroborates the scholarly reason that journaling and sentiment analysis may play a role of self-awareness.
Although the prototype is functional, there are still a number of limitations. There are no strong security practices and deeper emotional patterns are not reflected on the trained model. Nevertheless, the final work still proves that it is possible to construct emotional feedback technologies using basic tools and implement them in a significant manner. Altogether, the project demonstrates the opportunities of machine-learning sentiment analysis as the means of emotional reflection promotion and potential of simple digital tools that can help individuals in monitoring the trends in personal well-being.
[bookmark: _9q6hxo91ls1c][bookmark: _Toc215447546][bookmark: _Toc215447668][bookmark: _Toc215448075]5.3 Recommendation
It is advised that the next iterations of the system be based on a larger and more varied dataset to enhance better sentiment detection improvement and reduced misclassifications. More developed models, like the transformer-based algorithms, might be useful to detect the emotional variations more precisely. Protective password storage and input validation should also be employed in the application in case it is not used within an academic context (Iyanda and Mayokun, 2022). Greensatz features, like weekly catches, or custom milling should enhance the attention. Lastly, a usability testing with real human subjects may be used to narrow down the interface and make certain that the application will be able to effectively and safely meet the reality of the emotional-reflections.
[bookmark: _26kcbfz16aoo][bookmark: _Toc215447547][bookmark: _Toc215447669][bookmark: _Toc215448076]5.4 Future Work 
The work in the future is directed to the enhancement of machine-learning model and web application. Emotional cognition might be improved by a more advanced NLP model, e.g., BERT or RoBERTa. Further categories of emotions e.g. fear, sadness, excitement or stress as well might have given more detailed feedback. The system can also contain long-term insights e.g. monthly trends, behaviour triggers or personalised recommendations. It should have more secure authentication and protection of user-data mechanisms. Lastly, it may be reasonable to extend the application to a mobile variant, to make it more accessible and enable users to capture the feelings more easily during the day.
[bookmark: _l0qq7rhvdn3z][bookmark: _Toc215447548][bookmark: _Toc215447670][bookmark: _Toc215448077]5.5 Conclusion
It is a successful project because it met its goal of establishing a simple yet effective Mental Health Check-In App that aids emotional self-reflection by journaling and sentiment analysis. The system shows how technology can deliver supportive emotional feedback in a way that makes sense by using a machine-learning based, but with a web interface. The prototype demonstrates that rudimentary approaches to NLP can recognize a general emotional tone and visualize changes of mood. Although the system may be limited in its scope, including a small amount of data and basic preprocessing, it offers a workable basis on which improved performance can be achieved in the future. The project emphasizes the possibilities of journaling instruments with the help of AI and reinforces the idea about the use of machine-learning in emotional well-being. Generally, the piece can be regarded as a valuable scholarly input and a stepping-stone towards the creation of more sophisticated digital mental-health solutions.
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# Import required Libraries
import pandas as pd

import numpy as np

import re

import string

import pickle

from sklearn.model_selection import train_test_split

from sklearn.feature_extraction.text import TFidfVectorizer

from sklearn.linear_model import LogisticRegression

from sklearn.metrics import accuracy_score, confusion matrix, classification_report
from nltk.corpus import stopwords

import nltk

# Download stopwords (first run only)
nltk.download(’ stopwords”)
stop_words = set(stopuords.words(english’))
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# Load the dataset
df = pd.read_csv(“sentiment_analysis.csv")

# Show first rows
df.head()

Year Month Day Time of Tweet

0 2018

1 2018

2 2017

3 2022

4 2022

8

8

18

18

18

morning
noon
night
moring

noon

text

What a great day!!! Looks like dream.

I feel sorry, | miss you here in the sea beach
Don't angry me

We attend in the class just for listening teac...

Those who want to go, let them go

sentiment
positive
positive
negative
negative

negative

Platform

Twitter
Facebook
Facebook
Facebook

Instagram
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# Text preprocessing function
def clean_text(text):

# Lowercase

text = text.lower()

# Remove URLS
text = re.sub(r’http\S+|wm.\S+",

, text)

# Remove mentions and hashtags
text = re.sub(r'@\we|#’, 7, text)

# Remove numbers
text = re.sub(r'\d+',

, text)

# Remove punctuation
text = text.translate(str.maketrans(" ",

*, string.punctuation))

# Remove extra spaces
text = re.sub(r"\s+',

*, text).strip()

# Remove stopwords
words = text.split()

filtered words = [w for w in words if w not in stop_words]
text = " ".join(filtered words)

return text
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# Apply preprocessing

[ 'clean_text'] = df["text'].apply(clean_text)

df.head()

Year Month Day Time of Tweet

0 2018

1 2018

2 2017

3 2022

4 2022

8

8

18

18

18

morning
noon
night
moring

noon

text

What a great day!!! Looks like dream.

I feel sorry, | miss you here in the sea beach
Don't angry me

We attend in the class just for listening teac...

Those who want to go, let them go

sentiment
positive
positive
negative
negative

negative

Platform clean_text

Twitter great day looks like dream
Facebook feel sorry miss sea beach
Facebook dont angry

Facebook  attend class listening teachers reading slide ...

Instagram want go let go
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# Split data into train/test sets
X = df[*clean_text']
y = df[*sentiment']

X_train, X_test, y_train, y_test = train_test_split(
X, y, test_size=0.2, random_state=42
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# Vectorization (TF-IDF)

vectorizer = TfidfVectorizer()

X_train_tfidf = vectorizer.fit_transform(X_train)
X_test_tfidf = vectorizer.transform(X_test)
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# Train Logistic Regression model
model = LogisticRegression(max_iter=1000)
model. fit(X_train_tfidf, y_train)

LogisticRegression(max_ite
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Accuracy: 0.62

Confusion Matrix:
[[17 17 2]
[125 4]

[ 21220]]

Classification Report:

precision
negative .85
neutral .46
positive 0.77
accuracy

macro avg 0.69

weighted avg 0.71

recall fl-score
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0.59

0.63
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0.61
0.60
0.67

0.62
0.62
0.62

support
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30
34

100
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# Save model & vectorizer as pickle files
pickle.dump(model, open("model.pkl”, "wb"))
pickle.dump(vectorizer, open("vectorizer.pkl”, "wb"))

print("Model and vectorizer saved successfully!")

Model and vectorizer saved successfully!
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@ apppy > ..
1 import os
import re
import string
import sqlite3
import pickle
from datetime import datetime
from flask import Flask, render_template, request, redirect, session, g, url for, flash, jsonify

LONO U R WN

10  # Configuration

11 APP_DIR = os.path.dirname(os.path.abspath(_ file_))
12 DB_PATH = os.path.join(APP_DIR, “database.db")

13 MODEL_PATH = os.path.join(APP_DIR, “model.pkl")

14 VECT_PATH = os.path.join(APP_DIR, “vectorizer.pkl®)
15

16 app = Flask(__name_ )

17  app.secret_key = "753159"

18

19

20 # Load ML model and vectorizer

21 with open(MODEL _PATH, "rb") as f:

22 model = pickle.load(f)
23

24 with open(VECT_PATH, "rb") as f:
25 vectorizer = pickle.load(f)

26
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@ app.py > ..
2

28 # Database helper functions
29 def get_db():

30 db = getattr(g, " database”, None)

31 if db is None:

32 db = g._database = sqlite3.connect (DB_PATH)
33 db.row_factory = sqlite3.Row

EZS return db

35

36 def init_db():

37 db = get_db()

38 cur = db.cursor()

39 # Users table (plain text password as requested)
20 cur.execute("""

a1 CREATE TABLE IF NOT EXISTS users (

22 id INTEGER PRIMARY KEY AUTOINCREMENT,

43 username TEXT UNIQUE NOT NULL,

a4 email TEXT UNIQUE NOT NULL,

a5 password TEXT NOT NULL

46 )5

47 "y

48 # Journal entries table

49 cur.execute("""

50 CREATE TABLE IF NOT EXISTS entries (

51 id INTEGER PRIMARY KEY AUTOINCREMENT,

52 user_id INTEGER NOT NULL,

53 text TEXT NOT NULL,

54 sentiment_label TEXT NOT NULL,

55 sentiment_value REAL NOT NULL,

56 created at TEXT NOT NULL,

57 FOREIGN KEY(user_id) REFERENCES users(id)
58 )5

59 "y

60 db. commit()
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# Text preprocessing function
# small built-in stopwords set to avoid external dependency
STOP_WORDS = {
", "about", "above”, “after”, "again”, "against", "all®,"am","an", "and", “any", "are", "as", "at",
“be", "because”, "been", "before”, "being", "below", "between*, "both", "but", “by",
“could”,
“did","do","does", "doing", "down", "during",
“each",
“few", "for", "from",“further",
“had", "has", "have", "having", "he", "her", "here", "hers", "herself", "him", "himself", "his", "hou",
1", "if","in", "into", "is", "it", "its","itself",
“just”,
“me”, "more", "most", “my", "myself",

n", “once”, “only", "or", "other", “our", "ours”, “ourselves”, "out", “over", “own",

“should”, "so", "some”, “such",

he,“their”, "theirs", "them", “themselves", "then”, “there", "these", "they", "this", “those", “through”, "to", "too",

we”, "were", "what", "when

“you", "your", “yours", "yourself", "yourselves"

who", “whom", "why" , "with", "would"
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def clean text(text):
if not isinstance(text, str):
return ™"
# lowercase
text = text.lower()
# remove urls
text = re.sub(r'http\s+|wm\.\S+', **, text)
# remove mentions and hashtags
text = re.sub(r'@\w|#\wt", 7, text)
# remove numbers
text = re.sub(r’\d+", '', text)
# remove punctuation
text = text.translate(str.maketrans('*, "', string.punctuation))
# remove extra whitespace
text = re.sub(r’\s+’, ' ', text).strip()
# remove stopwords (simple)
words = [w for w in text.split() if w not in STOP_WORDS]
return " ".join(words)
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# Helper: require login decorator
def login required(fn):
from functools import wraps
@wraps (fn)
def wrapper(*args, **kuargs):
if "user_id" not in session:
return redirect("/login")
return fn(*args, **kuargs)
return wrapper

# Routes
@app.route("/")
def index():
# Redirect to dashboard if logged in
if “user_id" in session:
return redirect("/dashboard")
return redirect("/login")
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# Register
@app.route(”/register”, methods=["GET", "POST"])
def register():
if request.method == "POST":
username = request.form.get("username”, "*).strip()
email = request.form.get("email”, "").strip()
password = request.form.get("password”, "*).strip()
confirm = request.form.get("confirm password”, "").strip()

if not username or not email or not password:
flash(*Please fill all fields.”, "error")
return render_template(“register.html")

if password I= confirm:
flash("Passwords do not match.”, “error")
return render_template(“register.html")

db = get_db()

cur = db.cursor()

# Check existing user

cur.execute("SELECT id FROM users WHERE username = ? OR email = 2", (username, email))

existing = cur.fetchone()

if existin
flash(*Username or email already exists.”, "error")
return render_template(“register.html")

# Insert user (plain text password - prototype)

cur.execute("INSERT INTO users (username, email, password) VALUES (2, ?, ?)",
(username, email, password))

db. commit()

flash("Registration successful. Please login.”, "success")

return redirect("/login")

return render_template(“register.html")




image28.png
# Login
@app.route(”/login”, methods=["GET", "POST"])
def login():
if request.method == "POST":
uname = request.form.get("username”, "*).strip()
pud = request.form.get("password”, "").strip()

if not uname or not pwd:
flash("Please enter username and password.”
return render_template("login.html")

db = get_db()
cur = db.cursor()
# find user by username or email
cur.execute("SELECT id, username, password FROM users WHERE username = ? OR email = ?", (uname, uname))
user = cur.fetchone()
if user and user[“password”] = pwd:
# login success
session["user_id"] = user["id"]
session["username”] = user[“username"]
return redirect("/dashboard”)
else:
flash(*Invalid credentials.”, "error")
return render_template("login.html")

return render_template("login.html")
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# Logout
@app. route("/logout™)
def logout():
session.clear()
return redirect("/login")

# Dashboard
@app. route("/dashboard")
@login_required
def dashboard():
return render_template("dashboard. html")
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# Journal - submit and analyze
@app.route("/journal®, methods=["GET", “POST"])
@login_required
def journal():

sentiment_label = None

if request.method == "POST":
text = request.form.get("journal text”, "*).strip()
if not text:

flash("Please write something.”, “error")
return render_template("journal.html”, sentiment=None)

# Clean text same way as training notebook
cleaned = clean_text(text)

# Vectorize and predict
X = vectorizer.transform([cleaned])
pred_label = model.predict(x)[@] # e.g., ‘positive’ / ‘negative' / ‘neutral’
# convert to numeric value for plotting
if isinstance(pred_label, bytes):
pred_label = pred_label.decode("utf-g")
label = str(pred_label)

if label.lower() = “positive”:
value = 1

elif label.lower() == "negative":
value = -1

else:
value = 0

# Save in DB

db = get_db()

cur = db.cursor()

cur.execute(
"INSERT INTO entries (user_id, text, sentiment_label, sentiment_value, created_at) VALUES (?, ?
(session["user id"], text, label, value, datetime.utenow().isoformat())

)
b a0
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# Mood history (chart)
@app. route("/mood_history™)
@login_required
def mood_history():
db = get_db()
cur = db.cursor()
cur.execute(
"SELECT created at, sentiment_value FROM entries WHERE user_id = ? ORDER BY created at ASC",
(session["user_id"],)
)

rows = cur.fetchall()

# Prepare labels and values for Chart.js
labels = []
values = []
for r in rows:
# Use only date or short timestamp
try:
ts = datetime. fromisoformat(r["“created at"])
1abels.append(ts. strtime("%v-%n-%d %H:a1"))
except Exception:
1abels.append(r[ “created at"])
values.append(r[ “sentiment_value"])

# If no entries, provide placeholders to avoid JS errors
if not labels:

labels = ["No data"]

values = [0]

return render_template(“mood_history.html", labels=labels, values-values)
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# simple API to get last N entries
@app.route("/api/entries”)
@login_required
def api_entries():
n = int(request.args.get("n", 20))
db = get_db()
cur = db. cursor()
cur.execute(
"SELECT id, text
(session[ "user_i

sentiment label, sentiment value, created at FROM entries WHERE user id = ? ORDER BY created at DESC LIMIT ?",

)

rows = cur.fetchall()
out = []

for r in rows:

out.append({
r{"id"],

"text": r["text"],

“sentiment_label”: r["sentiment label"],
“sentiment_value": r["sentiment value"],
“created at": r["created at"]

bl

return jsonify(out)
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templates > <> base.html > & html > & body > & div.container
1 <IDOCTYPE html>

2 <html lang="en">
3 <head>

a <meta charset="UTF-8">

5 <title>Mental Health Check-In App</title>

6

7 <link rel="stylesheet" href="{{ url for('static', filename='style.css') }}">
8  </head>

9

10 <body>

1

12 <!-- Navigation Bar -->

13 <nav class="navbar">

14 <div class="nav-left">Mental Health App</div>
15

16 <div class="nav-right">

17

18 {% if session.get('user_id') %}

19 <l-- User LOGGED IN -->

20 <a href="/dashboard">Dashboard</a>
21 <a /journal”>Journal</a>

22 <a /mood_history”>Mood History</a>
23 <a href="/logout">Logout</a>

24

25 {% else %}

26 <l-- User NOT LOGGED IN -->

27 <a href="/login">Login</a>

28 <a href="/register">Register</a>

29 {% endif %}

30

31 </div>

32 </nav>

EE}

34

35 <l-- Main Content -->

E <div class="container”>

. or L o
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{% extends "base.html" %}
{% block content %}
<h2 class="page-title">Login</h2>
<div class="form-box">

<form method="POST">

<label>Email or Username</label>
<input type="text” name="username” required>

<label>Password</label>
<input type="password" name="password" required>

<button type="submit" class="btn">Login</button>
<p class="small-text">
Don't have an account?
<a href="/register">Register here</a>
</p>
</form>

</div>

{% endblock %}
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templates > <> register.html > ...
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{% extends "base.html" %}
{% block content %}
<h2 class="page-title">Register</h2>
<div class="form-box">

<form method="POST">

<label>Username</label>
<input type="text” name="username” required>

<label>Email</label>
<input type="email” name="email" required>

<label>Password</label>
<input type="password" name="password" required>

<label>Confirm Password</label>
<input type="password" name="confirm password" required>

<button type="submit" class="btn">Register</button>
<p class="small-text">
Already have an account?
<a href="/login">Login here</a>
</p>
</form>

</div>

{% endblock %}
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templates > <> dashboard.html >
1 {% extends "base.html" %}

2
3 {% block content %}

a

5  <h2 class="page-title">Dashboard</h2>

6

7  <div class="dashboard-container”>

8

9 <div class="dash-card">

10 <h3>New Journal Entry</h3>

11 <p>Write your thoughts and get emotional feedback using AI.</p>
12 <a href="/journal” class="dash-btn">Go to Journal</a>

13 </div>

14

15 <div class="dash-card">

16 <h3>Mood History</h3>

17 <p>View your emotional trends and patterns over time.</p>
18 <a href="/mood_history" class="dash-btn">View History</a>
19 </div>

20

21 </div>

22

23 {% endblock %}
24
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templates > <> journal.html > ...
1 {% extends "base.html" %}

2
3 {% block content %}

a

5 <h2 class="page-title">Write a Journal Entry</h2>

6

7  <div class="journal-box">

8

9 <form method="POST">

10

11 <label>Your Thoughts</label>

12 <textarea name="journal_text" required placeholder="Write your thoughts here..."></textarea>
13

14 <button type="submit" class="btn">Analyze Emotion</button>

15 </form>

16

17 </div>

18

19

20 {% if sentiment %}
21 <div class="result-box">

22 <h3>Sentiment Result:</h3>

23 <p class="sentiment-label">{{ sentiment }}</p>
24 </div>

25 {% endif %}

26

27 {% endblock %}
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templates 2 <2 mood_history.ntml 2 ...
1 {% extends “base.html" %}

2
3 {% block content %}

a

5 <h2 class="page-title">Mood History</h2>

6

7 <p>Your emotional trend over time is shown below:</p>
8

9  <div class="chart-container”>

10 <canvas id="moodChart"></canvas>

11 </div>

12

13 <script src="https://cdn.jsdelivr.net/npm/chart.js"></script>
14
15 <script>

16 // pata from Flask backend

17 const labels = {{ labels | safe }};

18 const values = {{ values | safe }};

19

20 const ctx = document.getElementByTd("moodChart™).getContext("2d");
21

2 new Chart(ctx, {

23 type: "line",

2 data: {

25 labels: labels,

26 datasets: [{

27 label: “Sentiment Trend”,

28 data: values,

29 borderWidth: 2

30 bordercolor:

31 backgroundcolor: “rgba(74, 111, 165, 0.2)",
32 tension: 0.3,

EE] pointRadius: 4,

34 pointBackgroundcolor: "#4a6fas”
35 Bl

36 b

37 options: [
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