
Natural Resources for    
Human Health 
eISSN: 2583-1194 

 

1333 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

Original Research 

Received 09 June 2026   

Revised 20 July 2026   

Accepted 03 Aug 2026 

 

Natural Resources for Human 

Health 2026, Vol. 6 (13s): 1333–1348 

 

KEYWORDS: 

Artificial Intelligence; Natural 

Language Processing; Mental 

Health; Emotion Recognition; 

Personalized Recommendation; 

Conversational Agent; Synthetic 

Data. 

 

 

Design and Simulation Based Evaluation of 

Artificial Intelligence Driven Personalized 

Mental Healthcare Support System Integrating 

Natural Language Processing and Machine 

Learning 

Shivashankar¹, Md Shohel Sayeed*2, Andrews Samraj3, 

Manjunath R4, Manohar Koli5, Nandish A C6 

¹Post-Doc Fellow, Multimedia University, Malasia, Global Academy of Technology, 

India. 

*2Centre for Intelligent Cloud Computing, CoE for Advanced Cloud, Faculty of 

Information Science and Technology, Multimedia University, Jalan Ayer Keroh Lama, 

Bukit Beruang, 75450 Melaka, Malaysia. 
3Department of Computer Science and Engineering, KGiSL Institute of Technology, 

Coimbatore, India. 
4Post-Doc Fellow, Multimedia University, Malaysia, R R Institute of Technology, India.  
5Department of Computer Science and Engineering, Haveri University, Haveri, India. 
6Department of AIML, City Engineering College, Bengaluru, India.  

 

 

ABSTRACT: Mental-health services face limited accessibility, delayed assessment, little 

personalization and a shortage of specialists. This paper proposes the Personalized Mental 

Healthcare Support System (PMHSS), a decision-support framework that integrates 

natural language processing (NLP), emotion/sentiment analysis, machine learning (ML), 

a personalized recommendation engine and a conversational AI assistant. PMHSS 

registers users securely, administers standardized questionnaires, analyses free-text 

messages, fuses questionnaire, emotional, profile and historical features to classify each 

user into a Low, Medium or High mental-health risk class, and then recommends self-

care, CBT-oriented or professional-support resources. Further modules provide chatbot 

interaction, counsellor recommendation, appointment scheduling, encrypted 

teleconsultation and longitudinal progress monitoring. Because no real patient data were 

used, the risk-classification module was evaluated on a synthetic cohort of 10,000 

simulated users (7,000 training, 1,500 validation and 1,500 test users; random seed 42). On 

this cohort PMHSS reached an accuracy of 98.2%, precision of 98.0%, recall of 97.3% 

and F1-score of 97.6%, compared with 92.4%, 91.8%, 90.9% and 91.3% for logistic 

regression, 95.7%, 95.1%, 94.3% and 94.7% for random forest, and 97.1%, 96.7%, 96.0% 

and 96.3% for XGBoost. These figures describe performance on simulated data only and 

do not demonstrate clinical validity. Emotion recognition, recommendation quality, 

chatbot safety and the scheduling and teleconsultation modules were not evaluated. 

Validation on real, clinician-labelled data, together with safety and fairness audits, is 

required before any clinical use. 
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1. INTRODUCTION 

Mental health has become an essential part of medicine and healthcare because it is directly related to how well people feel and 

act in different areas of life including work, education, and socializing. Conventional mental health services face a number of 

obstacles such as lack of access, untimely evaluation processes, low customization, and shortage of qualified mental health 

professionals. These limitations call for the application of modern technologies that can perform early evaluations and offer 

effective support. The current research proposes the development of an AI-based Personalized Mental Healthcare Support 

System (PMHSS) designed to deal with these problems. Artificial Intelligence (AI) offers possibilities to work with large 

amounts of user data and find patterns that cannot be detected by traditional methods. In this system AI is applied to the 

analysis of answers to questions with the help of standardized mental health questionnaire and questions in text format. After 

the data has been gathered, it is used alongside historical and profile data for the purpose of voluntarily forecasting mental 

health risks. The system uses a classification scheme that divides individuals into various classes based on the level of mental 

health risk they are predicted to experience, so that they can receive treatment that is tailored to their situation. Depending on 

the user’s mental health risk, the system can make suggestions for wellness programs, self-care materials, mindfulness practices, 

Cognitive Behavioral Therapy (CBT) based activities, and motivational tools. In its advanced cases, the system gives priority to 

professional mental health treatment. Another significant piece of the puzzle is the AI chatbot that keeps in touch with the 

user, responding to all his or her inquiries by bringing certain context-related information to the fore. 

Conventional mental-health assistance relies primarily on the interaction between users and health care professionals. Even 

though a professional approach remains crucial, challenges can arise in accessibility and scalability. A technology-aided system 

serves as a supplement in that it allows users to make used of diagnostic tools, interact with an AI-enabled conversational 

system, and access specific recommendations and improvement tools for users in time. The new system works through a 

combination of data sources that allow combining information collected through various sources rather than finishing up with 

the scores from a single questionnaire. The algorithm accepts information about users’ profiles, responses to the questionnaire, 

messages retrieved through text/chat and past assessment experience with a counselor/appointment. Serialized outputs of the 

algorithm are a mental-health risk score, emotional state, and recommendations. Thanks to the multi-approach implemented 

within this framework, the personalization has a strong foundation because users with similar scores may have different 

emotional states, preferences, histories in interaction, and levels of support needed. Thus, the combination of various data 

ensures a more user-centered approach in providing assistance. 

The computational component proposed in this framework uses AI-based systems. The system is created from different trained 

separate models such as NLP and emotion detection system, risk predicting system, and recommender system. When the system 

is launched, all these models are initialized. The NLP system performs the tasks of obtaining the received input material. It 

performs the procedure of noise elimination, tokenization, normalization, stop word removal, and extracting linguistic features 

before creating the final representation of the texts. The emotion analysis component analyzes semantic and emotional features 

from the produced text and finds out the prevalent emotional state of the user. After the emotional features are obtained, they 

are mixed with the data coming from the questionnaire and presented at the different parts of the procedure. Afterward, the 

classifier can analyze the likelihood distribution across all risk classes, assigning the risk class with the highest probability. This 

is an opportunity for the system to move from the analysis phase to the phase of action being taken based on the analysis 

outcome. An approach that is based just on a generic questionnaire or some pre-defined information might miss the user's 

emotional situation, specific interactions, and preferences. The major contribution of this proposition is the combination of a 

few AI techniques in one, personalized mental health support system. Instead of treating the emotional situation, NLP, emotion 

recognition, recommendations, chatbot interaction, and progress monitoring as separate parts, the proposed system joins them 

via a common processing pipeline. 

The paper is organized as follows. Section 1 discusses the background, problem statement, research motivation, aims, scope, 

significance, proposed methodology, contribution, and overall research methodology. Section two reviews the recent literature 

on AI, NLP, emotion recognition, machine learning, mental health prediction, personalized recommendation, and 

conversational AI. Section three describes the proposed architecture of the AI-based personalized mental health support system, 

the components of the system, the inputs and outputs of the system, and the algorithm used to implement the system. Section 

four presents the experimental results obtained using accuracy, precision, recall, and F1 score along with comparative evaluation 
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of the system against the existing methods and graphical presentation of the results obtained. Section five concludes the paper 

indicating the outcome, contribution, limitations, and future work. 

2. LITERATURE REVIEW AND RELATED WORK 

The literature from the year 2026 is of great importance since it outlines the recent advancements in the field of mental health 

systems based on Large Language Models (LLMs). According to recent reviews, there are promising developments, but the 

clinical validation and safety remain a big issue that has to be addressed. For instance, a study by Le Glaz A et al. [1] has reported 

that out of forty-one studies reviewed (31.7%), only 13 successfully validated their performance against actual patients’ data 

collected with the help of clinicians. The present research work has demonstrated the application of Natural Language 

Processing (NLP) and Machine Learning (ML) methods in deriving meaningful features of psychological conditions from text 

data and conducting automated mental health assessment. This publication has shown that the existing studies use various 

datasets, feature extraction techniques, algorithms, and evaluation techniques. Based on this publication, the authors have 

developed the technology to make use of NLP for text processing and ML for mental health risk assessment. A systematic 

review of machine learning and natural language processing applications in mental health has been carried out. The authors 

Maria Carolina Klos et al. [2] have focused on AI chatbot that provides psychological aid to students. The study shows how 

conversational interfaces can effectively provide psychological assistance at times when people cannot access mental health help 

in traditional ways. The authors believe that conversational interaction is an important part of digital mental health programs. 

In this research, the project has gone further by including chatbot conversations into risk assessment, emotion analysis, 

recommendations, and feedback systems. 

NLP has been utilized to run a large-scale text messaging service to tackle mental health issues and analyse conversations related 

to crises. The research indicates how textual communication provides an insight into the factors responsible for psychiatric 

problems and needs associated with crisis situations. The research also highlights the significance of machine-learning-assisted 

research of texts written by people for the purposes of mental health assessment [3]. The system has been adopted in a similar 

way for assessing texts and emotions of users to improve identification of risk and offer personalized assistance. The article 

focuses on the possibility to use machine learning algorithms for predicting the risk of postpartum depression. The authors 

have assessed various types of algorithms and datasets that may be used for prediction purposes [4]. They have discovered that 

most algorithms belong to the category of supervised learning methods, including SVM, random forest, regression, neural 

networks, etc. As a result, it could be stated that machine learning is applicable to the field of mental health assessment. Research 

has been conducted on how machines can predict anxiety and depression during COVID-19. The findings showed that it is 

possible to combine demographic, Behavioral, and psychological characteristics to predict mental health outcomes. The key 

contribution of the research is the acceptance of the idea that combining different factors is better than relying on only one 

variable [5]. This corresponds to the suggested approach of feature fusion when questionnaire responses regarding the 

respondents’ personality, emotions, and history are integrated in the prediction. 

Shi Min Lim et al. [6] focused on evaluating chatbot-based psychotherapy for adults suffering from anxiety and depressive 

disorders. The review shows that chatbot solutions provide viable psychological help and can alleviate certain symptoms. It 

should be noted that the effectiveness of chatbots depends on the technique used and users’ engagement in the psychotherapy 

process. Our system is based on this finding, as it relies on the ability of chatbots to assist patients through conversations and 

automatic risk detection and recommendations distribution. This research provides a wide overview of NLP methods used in 

psychological disease identification. The authors focused on the uptake of conventional machine-learning techniques, deep-

learning architectures, datasets, linguistic features, and diversity of psychological disorders in respective papers [7]. They stress 

that there are many options for using text categorization and emotional evaluation techniques in mental disorder diagnostic 

practices. The authors examined the use of Machine Learning approaches in detecting cases of depression from social media 

text. Their review revealed that the prevalent technique was supervised learning employing SVM, Bayesian approach, LDA, 

decision trees and neural networks. The authors specified the difference in the ways of deciding on the depression labels that 

influenced the evaluation of the models [8]. The proposed solution addresses the similar problem by introducing the combined 

approach where instead of purely using social media text the text-derived information is complemented with data obtained 

from questionnaires and historical characteristics. 

The work done by Muhammad Khubayeeb Kabir et al. [9] discusses the detection of depression severity based on Bengali-

language social media posts using NLP techniques. Their findings indicate that textual data in Bengali language can be utilized 
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to find out depression patterns and how important preprocessing and language feature extraction are in the analysis of user-

generated texts. The findings validate the NLP pipeline and preprocessing methods employed in the proposed system and 

indicate that the updates of the system could probably be multilingual. A number of ML algorithms studied the way NLP 

methodology can be utilized to identify emotions communicated by clinicians in electronic health records. Their study proves 

that clinical narratives can be beneficial when conducting research in mental health. Their findings also prove the point about 

the possibility of utilizing emotional indicators together with traditional clinical variables [10]. The principle described above is 

applied in the proposed system and emotion features are extracted through user responses and combined with questionnaires' 

data. The techniques for digital phenotyping discussed in the review demonstrate the use of ML for health behavior and states 

description [11]. Methodological challenges regarding data quality, privacy, and generalizability are mentioned here as well. The 

findings corroborate the need for a monitoring tool based on recurrent evaluation of people interacting with it in the system. 

Schick et al. examined the use of chatbots for mental state evaluation and marked the fact that conversational technologies 

could be used to gather the information useful for assessment. Nevertheless, the authors note that chatbot evaluation needs to 

be carefully verified because different interlocutors behave very differently [12]. This is the reason why the proposed system 

considers chatbot conversation as part of the evaluation and prediction strategy, not as a substitute for professional diagnosis. 

Birk and Samuel studied the use of digital phenotyping in relation to mental health. The work explores how behavioral 

information in digital form might be used for the monitoring and prediction of mental health-related issues and discusses the 

issues of privacy and interpretation of such information [13]. The relevance of this research for the proposed system stems 

from the fact that technological monitoring requires corresponding ethical measures. In addition, it relates to the requirement 

of the continuous monitoring capability of the proposed system and security of the user data. Ivan Moura et al. [14] conducted 

a review of multimodal digital phenotyping methods used in the monitoring of mental health conditions. The review shows 

that using several different types of information can give a more complete view of the psychological state of an individual. 

Multimodal digital phenotyping methods have the potential to improve detection of the problem in comparison to the single-

source methods. This provides strong support for the proposed feature fusion module and combination of questionnaire, text, 

emotion, and historical features. Finally, there is a review on AI-enabled chatbots used in the domain of mental health 

applications. The study identifies conversational agents as a new tool for providing accessibility and psychological assistance 

[15]. 

Conversational-agent interventions for mental-health problems are systematically reviewed and analyzed. Their findings provide 

evidence that conversational agents can have positive impacts while highlighting the importance of intervention characteristics 

and evaluation methods [16]. This project continues this idea by integrating conversation into a personalized support cycle. The 

mechanisms of emotional support have been examined for the case of conversational agents for mental-health digital 

therapeutics. The authors highlight that emotional sensitivity may enhance the interactions between users and the conversational 

system. Thus, recognizing and responding to emotions is critical for personalization of digital interventions [17]. This directly 

applies to the emotion-analysis module and recommendation selection process of the proposed model. Explainable AI in 

language-based mental-health detection is considered. Authors note that NLP and ML models should be explainable in terms 

of providing interpretable evidence of their decisions, especially when working with mental health, which is a sensitive area. 

Explainability can help to build trust and make researchers/professionals understand why the decision has been made. These 

supports adding an explainability component to the proposed risk classification process [18]. 

In the domain of mental health, the applications of NLP are reviewed systematically to develop a research framework. This 

review covers computation aspects, clinical application, outcomes, and limitations of NLP-based mental health intervention 

studies. The authors found a fast development in NLP applications, however, there were gaps in methodology and validation 

of these works [19]. The results of the study are in line with the suggested pipeline for NLP and stress the importance of 

conducting thorough clinical studies. Another paper where the authors developed an NLP system for detecting mental health 

crisis messages and providing timely intervention is written by Swaminathan A et al. [20]. The study shows the potential of an 

automatic language analysis approach to recognize urgent psychological conditions based on conversational texts. It can be 

used to detect potentially risky users faster. The proposed NLP system can integrate similar crisis-oriented classification 

techniques into the risk-assessment phase. An AI-driven chatbot system called Leora for self-directed mental health support is 

discussed. The work presents an example of using conversational AI to provide structured information on mental health issues 

without continuous human involvement [21]. 
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AI-based chatbots [22] were developed with an objective to induce health behavior changes. They found out that conversation 

agents can scale up and personalize interactions which could affect the behavior of users. Nonetheless, intervention quality, 

user engagement, and safety are other factors that must be taken into consideration. The findings above back the feedback and 

recommendation components of the proposed solution. The role of AI technologies in online mental healthcare is reviewed 

and its benefits and challenges are considered. They focus on the possibility of AI to increase the accessibility, personalization, 

and scalability of mental health services [23]. Nonetheless, they mention the issues related to ethics, privacy, precision, and 

clinical accountability. They are vital for the proposed solution as its automatic recommendation should assist but not replace 

mental health care by professionals. The use of machine learning in mental health and its relationship with epidemiology are 

discussed. They show how machine learning can detect patterns and predictors in big mental health data [24]. Nevertheless, the 

proper interpretation and validation of the data is emphasized by them. The proposed system also uses machine learning to 

transform the heterogeneous data of users into risk prediction and requires proper validation. 

The applications of large language models are discussed in psychiatry [25]. As a result, it appears that the usage of LLMs 

becomes more popular in such fields as assessment, information provision, decision support, and conversations. However, the 

researchers also note problems connected with hallucination, reliability, bias, and safety of the clinical application. This leads to 

a conclusion that LLM capabilities of the proposed system should be limited by controlled prompts, validation, and human 

monitoring. The researchers Jocelyn Shen et al. [26] discussed empathy towards AI assistance compared to human one and the 

role of transparency in the design of mental health chatbots. They found out that people appreciate empathic AI communication 

but still consider it different from human one. Transparency can affect people's expectations regarding the system. This helps 

in designing the proposed chatbot as an assistant of AI with its limitation and possibility of transferring to human professionals 

[27]. The NLP for harmonizing mental health questionnaires is discussed on the example of real-life data. Their research shows 

that NLP can be used for mapping different structures of questionnaires and their common concepts. This becomes especially 

important for systems which are based on the combination of the structured data from questionnaires and the unstructured 

text data. The suggested system will be able to apply a similar approach to normalization through NLP techniques during the 

processing of questionnaire and text-based user inputs. Bokolo and Liu [28] conducted research on deep learning techniques 

applied to detect depression on the basis of the data received from social media. In this research, machine learning and 

transformer models were compared in terms of detecting depression-related features. 

The systematic review and meta-analysis by Doreen Phiri et al. [29] focused on the text-based depression prediction via machine 

learning. The paper examines how text data can be converted into predictive markers of depression. Work stresses the benefits 

and diversity of ML depression prediction. It supports the necessity of standardized validation and usage of different datasets 

for the proposed AI tool. The research on the user perception of AI conversational agents in mental health revealed that users 

appreciated the potential of such tools while still preferring human interaction. The findings stress the necessity of keeping 

human control within AI-assisted mental-health services. The accessibility and continuity offered by the AI systems can be 

useful, however, the users do not consider them equal to a professional therapist [30]. It strongly supports the necessity to make 

the proposed system an assistive tool. The multimodal machine learning for depression diagnosis was studied based on patient 

interviews. Their results showed the advantages of using several types of data instead of the usage of a single modality. The 

multimodal approach allows to obtain additional linguistic, behavioral, and contextual factors related to the depression [31]. 

There is solid methodological justification for using feature fusion in the proposed system. The models are built for depression 

prediction based on information from video, audio, and text data [32]. It shows that multimodal data can contain more 

information about mental health prediction compared to unimodal data. Their methodology is especially applicable to systems 

which try to extract features of the verbal and emotional nature. Our system can be a related multimodal approach, although it 

currently focuses more on questionnaire, textual, emotional, and historic features. 

The research conducted by the authors Cui X et al. [33] used and analyzed an LLM-based suicide intervention chatbot. It 

illustrates the applicability of generative AI technology for use in conversational assistance in very sensitive fields related to 

people's mental well-being. On the other hand, suicide prevention applications demand extremely cautious approaches and 

appropriate security measures to ensure the safety of users and successful results. The research by Han and Zhao [34] analyzed 

the development of bibliometrics in relation to chatbot research in mental health field. It illustrates the growing popularity of 

the research topic and the areas which should be considered in future. The increased number of publications shows that 

conversational AI becomes an increasingly important part of mental health digital research. The proposed system can contribute 

to the field as well. The authors, Hua Y et al. [35], conducted a review of applications of large language models in mental health 
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care. This review deals with various applications, including diagnostics, therapy, decision support, and conversation, and 

underscores the fast development of this field. The authors stress the need for conducting clinical validation of the models.  

This information helps to justify the use of language models in the suggested system. 

A systematic review and meta-analysis of CBT-based and NLP-enabled AI conversational agents for mental health intervention 

have been conducted [36]. In particular, the effectiveness of conversational agents based on the principles of cognitive 

behavioral therapy is evaluated. The relevance of the use of NLP in this review is related to the possibility of language analysis 

of the users and corresponding personalization of response. Results give contemporary evidence of the effectiveness of 

conversational and intervention parts of the AI system described above. The review of Sohn et al. [37] is a systematic review 

and meta-analysis of chatbots in managing depressive and anxiety symptoms. This review gives evidence about the effectiveness 

of chatbots in terms of mental health management in the studies conducted. It is relevant to the suggested system because 

depressive and anxiety disorders are important targets for risk assessment and personalized interventions. Scoping review of 

LLM applications in the area of mental health with respect to diagnostic, prognostic, and decision-making tasks is performed. 

A total of 3,121 papers were screened in the scoping review, where 41 studies were selected with GPT-4 and GPT-3.5 being 

one of the most common LLMs tested. It was identified that diagnosis is the most common application, with depression being 

the most studied mental illness; however, only a small proportion of studies have been validated using real-world clinical data 

[38]. 

Scoping reviews on mental health interventions using generative-AI chatbots made by Lotenna Olisaeloka et al. [39] studied 

features of design of interventions and users' experience. This review involved 21 studies in 11 different countries, where most 

of the interventions used CBT techniques and were delivered through text-based chatbots. It is reported that there is moderate 

to high usability, therapeutic alliance, and satisfaction, as well as decreased engagement and trust because of inaccuracy and lack 

of contextual appropriateness of the responses. All these findings prove that the introduction of adaptive personalization, 

contextual awareness, and quality control of the developed AI is required. Scoping examination of the risks that may arise when 

using LLM-based chatbots in relation to mental health was done. It is stated that there are problems with hallucinations, 

sycophancy, biases, data security, and inappropriate responses during severe cases of psychiatry [40]. This finding proves the 

idea that technical accuracy alone is not enough for the safe deployment of mental-health AI. In this way, research becomes a 

crucial part of the safety of the proposed solution, especially concerning risk escalation, human involvement, privacy, and high-

risk users. 

3. METHODOLOGY FOR IMPLEMENTING THE PROPOSED AI-BASED PERSONALIZED MENTAL 

HEALTH SUPPORT SYSTEM 

3.1 System overview and Algorithm 1 

This section describes the design of the proposed PMHSS, and the simulation protocol used to evaluate it. PMHSS integrates 

NLP, emotion/sentiment analysis, ML-based risk classification, personalized recommendation, a conversational AI assistant, 

progress monitoring and feedback-based adaptation. Algorithm 1 specifies the processing pipeline. Its inputs are user 

registration/authentication data, profile information, questionnaire responses, text/chat history, previous assessment and 

feedback records, and counsellor and appointment information. Its outputs are the risk class, the detected emotional state, 

personalized recommendations, chatbot responses, a recommended counsellor, appointment details and progress reports. 

PMHSS is designed to support early screening, tailored self-help and continuing support; it is not a diagnostic tool. The 

functions in Algorithm 1 (score calculation, text pre-processing, emotion model, risk classifier, relevance function and chatbot) 

are specified at the functional level. 

Algorithm 1: AI-Based Personalized Mental Health Support System (PMHSS) 

 

Input:  

User data authentication, Profile data assessment, Survey results, Text/chat comments, Existing information, Counsellor details.  

Output:  

Risk classification, Emotional condition, Advice from expert, Chatbot answer, Suggestion of expert, Schedule details, Report 

on performance. 
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Step 1: Initialize System  

• Load trained NLP, emotion-classification, risk-prediction, and recommendation models.  

• Initialize the secure user database and counsellor database.  

• Define risk classes as: 𝑅 ∈ {𝐿𝑜𝑤, 𝑀𝑒𝑑𝑖𝑢𝑚, 𝐻𝑖𝑔ℎ} 

Step 2: User Registration and Authentication  

• Receive registration information U  

• Validate mandatory user credentials.  

• Create a unique user identifier 𝐼𝐷𝑢 .  

• Authenticate the user using secure credentials/OTP.  

• If authentication fails, terminate the session; otherwise, proceed to Step 3.  

Step 3: User Profile Creation  

• Collect demographic attributes, preferences, previous interaction information, and available medical/mental-

health history.  

• Construct the user profile: 

𝑃𝑢 = {𝐷𝑢 , 𝑃𝑟𝑒𝑓𝑢 , 𝐻𝑢}                                                                   (1) 

• Store 𝑃𝑢 securely in the user database.  

Step 4: Mental Health Assessment  

• Present the standardized mental-health questionnaire to the authenticated user.  

• Collect questionnaire responses 𝑄𝑢.  

• Validate the responses for completeness and consistency.  

• Calculate the questionnaire/assessment score: 

𝑄𝑠 = 𝑓(𝑄𝑢)                                                                                    (2) 

• Normalize the score to the predefined model input range.  

Step 5: User Text Acquisition  

• Receive text/chat input 𝑇𝑢from the user.  

• Remove irrelevant characters and noise.  

• Perform tokenization, normalization, stop-word processing, and linguistic feature extraction.  

• Generate the processed text representation: 

𝑇𝑢
𝑖 = 𝑃𝑟𝑒𝑝𝑟𝑜𝑐𝑒𝑠𝑠(𝑇𝑢) 

Step 6: AI-Based Emotion Analysis  

• Extract semantic and emotional features from 𝑇𝑢
𝑖  using NLP.  

• Calculate sentiment/emotion features: 

𝐹𝑒 = 𝐸𝑚𝑜𝑡𝑖𝑜𝑛𝑀𝑜𝑑𝑒𝑙((𝑇𝑢
𝑖)) 
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• Determine the dominant emotional state (the emotion class with the highest predicted probability): 

𝐸𝑢 = 𝑎𝑟𝑔 𝑚𝑎𝑥(𝐸𝑐𝑙𝑎𝑠𝑠𝑒𝑠) 

• Combine emotional features with questionnaire features.  

Step 7: Feature Fusion  

• Construct the integrated feature vector: 

𝐹𝑢 = {𝑄𝑠 , 𝐹𝑒, 𝑃𝑢 , 𝐻𝑢}                                                                    (3) 

• Apply feature scaling/selection where required.  

• Forward 𝐹𝑢 to the trained mental-health risk prediction model.  

Step 8: Mental Health Risk Prediction  

• Apply the machine-learning classifier: 

𝑅̂𝑢 = 𝑀𝐿𝑟𝑖𝑠𝑘(𝐹𝑢)                                                                        (4) 

• Calculate the probability of each risk class: 

𝑃𝑟(𝑅 = 𝑘|𝐹𝑢), 𝑘 ∈ {𝐿, 𝑀, 𝐻}                                                    (5)  

• Assign the class with the maximum probability: 

𝑅𝑢 = 𝑎𝑟𝑔 max
𝑘

Pr(𝑅 = 𝑘|𝐹𝑢)                                                (6) 

Step 9: Risk-Based Decision Processing  

• if 𝑅𝑢 = 𝐿𝑜𝑤, 𝑡ℎ𝑒𝑛 

➢ Recommend wellness and self-care resources.  

➢ Provide mindfulness exercises.  

➢ Provide motivational content, videos, and educational material.  

• Else if 𝑅𝑢 = Medium, then 

➢ Recommend structured CBT-oriented activities.  

➢ Increase monitoring frequency.  

➢ Recommend professional counselling.  

➢ Schedule a follow-up assessment.  

• Else if 𝑅𝑢 = 𝐻𝑖𝑔ℎ, then 

➢ Prioritize professional mental-health intervention.  

➢ Recommend an appropriate counsellor.  

➢ Provide urgent-support information where appropriate.  

➢ Escalate to a qualified human clinician or crisis service according to a predefined safety protocol 

(Section 3.2).  

Step 10: Personalization Engine  

• Combine 𝑃𝑢 , 𝑅𝑢, 𝐸𝑢 𝑎𝑛𝑑 𝐻𝑢   
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• Compute recommendation relevance: 

• Relevance score: 𝑟𝑖|𝑢 = 𝑓(𝑃𝑢, 𝑅𝑢, 𝐸𝑢 , 𝐻𝑢 , 𝑟𝑖) 

• Rank available resources according to the predicted relevance score.  

• Generate the personalized recommendation set: 

𝑆𝑢 = {𝑠1, 𝑠2, 𝑠3, … … , 𝑠𝑛} 

Step 11: AI Chatbot Support  

• Receive user query 𝑇𝑞.  

• Analyze the query using the NLP model.  

• Retrieve relevant contextual information from the user's current session and permitted history.  

• Generate a context-aware response: 

𝐵𝑢 = 𝐶ℎ𝑎𝑡𝑏𝑜𝑡(𝑇𝑞 , 𝑃𝑢 , 𝐸𝑢, 𝑅𝑢, 𝐻𝑢) 

• Return 𝐵𝑢to the user.  

• Store the interaction securely for subsequent progress analysis.  

Step 12: Progress Monitoring  

• Collect subsequent questionnaire scores 𝑄𝑡 , emotional states 𝐸𝑡 , chatbot interactions, counselling outcomes, 

and user feedback.  

• Calculate temporal changes: 

{
Δ𝑄 = 𝑄𝑡 − 𝑄𝑡−1

Δ𝐸 = 𝐸𝑡 − 𝐸𝑡−1
 

• Determine the user's progress trend: 

𝐺𝑢 = 𝑓(Δ𝑄, Δ𝐸,session outcomes,feedback) 

• Generate the personalized progress report 𝐺𝑢.  

Step 13: Feedback Collection  

• Obtain user satisfaction and recommendation feedback.  

• Calculate feedback score: 

𝐹𝑠 =
∑ 𝑓𝑖

𝑛
𝑖=1

𝑛
                                                                                        (7) 

• Associate feedback with the corresponding recommendation and interaction.  

Step 14: Database and Analytics Update  

• Store updated assessment results, emotion analysis, recommendations, consultation outcomes, and feedback.  

• Update the user's longitudinal profile: 

𝐻𝑢
𝑛𝑒𝑤 = 𝐻𝑢 ∪ {𝑄𝑡 , 𝐸𝑡 , 𝑅𝑡 , 𝑆𝑡 , 𝐹𝑡} 

• Generate system-level analytics and reports.  

Step 15: Continuous Support Loop  
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• Continuously monitor new assessments and interactions.  

• When new information becomes available, return to Step 4.  

• Otherwise, maintain the user's personalized support plan.  

Step 16: Step Termination  

• Securely close the user session.  

• Preserve authorized records according to the system's data-retention policy.  

• End the algorithm.  

End Algorithm 

 

3.2 Simulation protocol 

To assess the risk-classification module, a synthetic simulation environment was created using an NLP-based agent 

methodology, yielding 10,000 simulated users who were split into training (7,000), validation (1,500) and test (1,500) sets with 

a fixed random seed (42) for reproducibility (Table 1). Each user was simulated for 12 months with weekly (7-day) assessments, 

generating longitudinal data for progress monitoring (Step 12) and the continuous support loop (Step 15). Chat activity was 

limited to at most 20 interactions per user per week (Step 11), and each user had 5-20 historical observations, depending on 

time in the system. The risk-prediction model (Step 8) assigns users to three classes (Low, Medium, High), the emotion 

component (Step 6) uses 6-8 emotion classes, and the personalization engine (Step 10) ranks 50-100 candidate resources 

Table 1. Simulation parameters 

Parameter Values 

Simulation type NLP + agent/system simulation 

Number of synthetic users 10,000 

Training users 7,000 

Validation users 1,500 

Test users 1,500 

Random seed 42 

Simulation duration 12 months 

Assessment interval 7 days 

Maximum chat interactions/user/week 20 

Historical observations/user 5–20 

 

4. RESULTS AND DISCUSSION 

This section reports how the risk-classification module of PMHSS performs on the synthetic test cohort. All results derive from 

simulation. No real patient data were used, so the results do not establish clinical validity. Only the risk-classification module 

was quantitatively evaluated; emotion recognition, recommendation ranking, chatbot responses, appointment scheduling and 

teleconsultation were not evaluated. Figure 1 shows that the accuracy of PMHSS increases steadily as the amount of input data 

grows from 100 to 1,000 samples, from about 94.8% to 98.2%. The gain is larger at small sample sizes than at large ones, which 

suggests that PMHSS benefits from additional data but with diminishing returns. 
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Figure 1. Accuracy of the PMHSS algorithm as a function of the amount of input data (training samples).  

According to Figure 2, we can see that precision of PMHSS is improving when the input data increases. For only 100 data 

points, the precision is nearly 93.9% but goes up steadily with time. With 500 data points, the precision is approximately 96.6%, 

while at 1000 data points the precision reaches about 98%. The increase of precision happens rather quickly at the beginning 

(100 to 400 samples) and then starts to slow down, indicating the approach of diminishing returns. This phenomenon is typical 

for statistical or ML models, taking place where the model learns from the training data, which helps to handle the task better 

and decrease the prediction errors. 

 

Figure 2. Result of Precision of the PMHSS algorithm as a function of input data. 

The figure 3 illustrates the change in PHMSS recall compared to the amount of input data. Starting from an initial recall value 

of approximately 92.7% at a sample size of 100, the recall increases steadily as more data samples are fed into the model. After 

the inclusion of 500 samples, the recall reaches approximately 95.8% and reaches around 97.3% once the size of samples reaches 

1000. Just like the trend shown in the precision graph, it can be observed that the increase is very sharp in the initial stages of 

data input. 
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Figure 3. Result of Recall of the PMHSS algorithm as a function of input data. 

According to Figure 4, the PMHSS F-1 score increases in constant proportion to the amount of input data available. The F-1 

score starts at around 93.2%, and as the amount of data increases to 500 samples, this result keeps increasing until it reaches 

about 96.2%. The F-1 score will then continue to reach around 97.6% when the number of samples increases to 1000 and this 

increasing trend is clear, showing improvement throughout the period. There is the same situation as in precision and recall.  

Therefore, since F-1 score combines precision and recall, we can conclude that both measures improve together and not at the 

expense of one another. 

 

Figure 4. Result of F-1 of the PMHSS algorithm as a function of input data. 

The comparison results in figure 5 represents how existing, such as Logistic Regression, Random Forest, XGBoost, and 

proposed PHMSS perform with respect to four parameters which are Accuracy, Precision, Recall and F1-score. The Logistic 

Regression model performs poorly compared to the other three models as its scores range from 93%-94%. The Random Forest 

significantly performs better in terms of scoring in the range of 94.5%-95.7%. The XGBoost model performs still better with 

scores like 96%-97.1%. Lastly, PMHSS model tops all other models in terms of the score regarding different metrics (scoring 
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about 97.2%-98%). Thus, in summary, it can be concluded that PHMSS is the best model among all the tested models when it 

comes to this classification task. 

 

Figure 5. The overall result comparison of PMHSS with existing algorithms. 

Table 2 shows a comparison of the full performance of the PMHSS algorithm with 3 of the comparable algorithms already 

present, which are the Logistic Regression, Random Forest, and XGBoost based on the accuracy of the model, precision, recall, 

and F1-score respectively. The Logistic Regression model is much simpler as compared to other algorithms and shows the 

worst performance among the competitors with only 92.4% of accuracy which belongs to LP due to its nature of being linear. 

Random Forest and XGBoost algorithms are expected to perform much better than Logistic Regression as they are ensemble 

algorithms. 

Table 2. Comparison of the overall performance of the PMHSS with existing algorithms. 

Algorithm Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Logistic Regression 92.4 91.8 90.9 91.3 

Random Forest 95.7 95.1 94.3 94.7 

XGBoost 97.1 96.7 96.0 96.3 

PMHSS 98.2 98.0 97.3 97.6 

 

However, Random forests perform at the accuracy of 95.7% while XGBoost shows the best accuracy of 97.1%. The PMHSS 

algorithm, in this case, shows the best results of PMHSS performance according to all the indicators provided by the table. 

Based on these results, PMHSS achieved 98.2% accuracy, 98% precision, 97.3% recall, and 97.6% F1 score, which means that 

PMHSS performance is very high. This can be justified by implementation of the new PMHSS method that integrates several 

features from various sources, such as questionnaires and derives emotional features through using NLP. 

5. CONCLUSION 

The proposed AI-powered PMHSS offers an innovative and reliable platform that is meant to enhance accessibility, 

effectiveness and customization of mental health services. The system makes use of AI such as NLP, sentiment analysis, and 

machine learning techniques to understand people's emotions, evaluate their mental health, and offer personalized suggestions 

accordingly. By combining an AI chatbot with the support of professional counsellors, scheduling, and secure communication, 

we help users obtain continuous support in mental health care and eliminate existing obstacles faced in traditional mental health 
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care systems. The system design allows the timely recognition of mental health threats, performance of necessary interventions, 

and formulation of effective individual wellness plans based on users’ emotional characteristics. Moreover, due to the 

implementation of the data analytics-based recommendation engine, the system gains the ability to improve its precision over 

time. Overall, the system offers the opportunity to increase engagement, support proper mental health practices, and assist 

health professionals in providing medical services. 
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