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ABSTRACT---- Mental health disorders have affected people's everyday lives globally, showing rapid growth. 

Effective detection, diagnosis, and treatment of MSDs can occur by utilizing increasingly large amounts of available 

health data from different sources. However, there are many challenges in developing effective treatment models for 

this condition. The challenges are further complicated by the volume, heterogeneity, interoperability, propagation, 

and complexity of data, especially with the emergence of big data. Knowledge management and knowledge-based 

systems have significantly impacted healthcare quality and delivery, especially patient self-management. In this work, 

we review knowledge-based applications for mental health self-management. The research efforts are synthesized, 

discussing shortcomings and future research directions.   
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1. 1. INTRODUCTION 

Mental health illnesses have affected people's everyday lives globally, showing rapid growth. The burden of mental 

illnesses continues growing, with significant impacts on health and primary social, human rights, and economic 

consequences worldwide. There are many variations and types of mental illnesses  – depression, bipolar disorder, 

dementia, schizophrenia, characterized by a combination of abnormal thoughts, perceptions, emotions, and behavior [1]. 

Access to health care and social services capable of providing treatment and social support is vital. Approximately one in 

five adults in the United States (U.S.) struggle with mental illness [2]; however, many individuals are not receiving 

treatment. Worldwide estimates show that 70% of people with mental illness receive no formal treatment globally [3], 

[4]. Over a quarter of individuals with elevated levels of depression and anxiety and 12.8% of the U.S. population 

reported an unmet need for mental health counseling or therapy [5]. Low perceived need for treatment (believing the 

problem is not severe), preference to handle the situation alone, and attitudinal barriers like perceived stigma define lack 

of access to care. Other factors, such as lack of belief in treatment efficacy, increased demand for mental health services 

(especially psychotherapy and counseling) with a shortage of mental health professionals, particularly in rural and low-

income areas, are responsible for the barriers/issues with access to care [6]–[8]. With the unmet needs of mental health 

services and a stretch in available resources and services, patient self-management is beginning to emerge as an option to 

ensure availability of care and support.  

 

Self-management is defined as "participating in education or treatment designed to bring about specific outcomes, 

preparing people to manage their health condition on a day-to-day basis, practicing specific behaviors, and having the 

skills and abilities to reduce the physical and emotional impact of the illness with or without the collaboration of the 

healthcare team" [9]. The World Health Organization (WHO) describes self-management as "putting patients or service 

users in direct control of managing their conditions by enabling them to cope in one or more of the following areas: 

problem-solving, goal setting, identifying triggers, and indicators of deteriorating health; and responding to these 

themselves before relying on clinician-led intervention" [10]. Self-management is also an individual's ability to manage 

symptoms, treatments, physical and psychosocial consequences, and lifestyle changes [11] independently and integrate 

them into daily life. Self-management can enable individuals to learn more about and participate actively in their care 

process. The prevalence of barriers to access to care and the potential of self-management have prompted technological 

advancements to meet these needs.  

 

1.1. AI-Based Interventions for Healthcare 

The increasing evolution of technologies has resulted in cutting-edge advances in recent years, with artificial intelligence 

(AI) leading the pack [12], [13]. Health care institutions are fast becoming connected knowledge-based communities of 

practice for sharing knowledge, reducing administrative costs, and improving the quality of care [14]. AI can potentially 

transform patient healthcare with its extensive power. AI techniques provide effective knowledge management, sharing, 
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decision-making, and support [15]. It supports healthcare practitioners in patient care by providing up-to-date health 

information synthesized from publications and clinical practices. It also enables knowledge sharing amongst clinicians to 

make accurate decisions via knowledge-based systems [13]. Knowledge-based systems (KBSs) are AI-based systems that 

use information from various sources to generate new decision-making and problem-solving knowledge. These systems 

have built-in problem-solving capabilities and rely extensively on data to provide accurate results. KBSs comprise a 

repository of expert knowledge (knowledge base) and an inference engine with retrieval features to allow expertise or 

knowledge sharing. It supports human decision-making using knowledge-based techniques. KBS is a vital application of 

AI in current settings, especially in the healthcare domain. They give expert-level, problem-specific advice and assist in 

decision-making in medical data interpretation, patient monitoring, disease diagnosis, treatment selection, prognosis, and 

patient management [16].  Some possible examples include: 

 Mobile apps with AI-driven chatbots that offer personalized coping strategies and support based on the 

individual's emotional state and needs. 

 Web-based platforms that use AI algorithms to analyze user data and provide personalized mental health 

recommendations and resources. 

 Virtual reality environments designed to simulate exposure therapy for specific phobias or anxiety disorders. 

 Online communities and forums that leverage AI to provide support, education, and resources to individuals with 

mental health conditions. 

 

Technology-based interventions for management (including self-management) and support in healthcare are 

increasing in adoption rate, offering a potential solution to overcome barriers to treatment because they are easily 

accessible and cost-effective [17]. It further reduces wait times and provides anonymity and flexibility in terms of time 

and location of use. IT solutions can promote fundamental principles of self-management, namely education, 

empowerment, and collaboration. Positive clinical outcomes have been demonstrated for several chronic conditions when 

IT solutions were incorporated into self-management programs [9]. These interventions are ubiquitous, with increasingly 

powerful technical abilities, wide acceptability in several domains, and growing evidence in mental health care services. 

According to the World Health Organization, more than one-fourth of 15,000 mobile health (mHealth) apps focus on 

mental health diagnosis or support [7], [18].  

 

This systematic literature review reviews knowledge-based interventions' characteristics, architectures, and 

applications specifically for mental health self-management. We summarize and synthesize findings from existing 

studies. The review seeks to answer the following questions as they relate to mental health:  

 What types of knowledge-based self-management interventions have been developed?  

 What is the current evidence on knowledge-based systems in psychiatry, specifically mental healthcare?  

2. METHODS 

We searched PubMed, Embase, CINAHL, PsycInfo, and ACM Digital Library using a predefined search strategy. 

The studies were included if they: (1) were primary research studies focused on knowledge-based digital interventions 

for mental health self-management; (2) were published in the past six years to understand current applications. In 
addition, backward and forward reference list checking of the included studies and relevant reviews was 
conducted. A narrative data synthesis was performed to elaborate on the development and applications of KBS for 

mental health and summarise areas for future research.  

3. RESULTS 

We discuss our findings under the following themes: KBS approaches and tools (based on inference engine) and KBS 

applications. 

3.1 KBS tools for decision support 

A KBS tool is a set of software instructions and utilities taken to be a software package designed to assist the 

development of knowledge-based systems. Some of the standard tools identified from the review include:  

 

Case-based reasoning (CBR): Among the numerous AI concepts, case-based reasoning (CBR) has attracted much 

attention. CBR is a problem-solving approach that relies on past and similar cases to solve new problems. It simulates 

human decision-making processes and enables the accumulation of previous experience. Case-based reasoning means 

retrieving former, already solved problems like the current one and modifying their solutions to fit the current problem. 

One of the essential advantages of CBR is its learning capability. Its problem-solving ability improves with the 

increasing number of accumulated cases. Nevertheless, in contrast, its problem-solving ability is poor when few cases are 

in the case base. 
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Rule-based reasoning (RBR): RBR is a natural knowledge representation of IF-THEN rule statements. Rules are simply 

patterns and an inference engine searches for patterns in the rules that match patterns in the data. For RBR, the problem-

solving ability is sustained throughout the whole process. However, its learning capability is poor because rules involving 

new expertise are difficult to acquire. The rules applied to solve the problem can be traced with the rule-based reasoning 

technique, which is helpful because the logic behind the solution can easily be understood. 

 

Fuzzy theory: Fuzzy theory is a theory of classes with unclear boundaries. Fuzzy logic provides methods to represent and 

reason with ambiguous terms. Fuzzy logic focuses on diagnosing the criteria and the severity of a particular episode or 

disorder. A set of questions will be given based on the specific condition being diagnosed, and certain points are assigned 

to each possible answer for each question. 

  

Fuzzy-genetic Algorithm: Fuzzy-genetic algorithm (fuzzy-GA) is used to determine and propose the suitable treatment 

for each person with a mental health condition based on their budget and overall health conditions. This gives each 

patient several options on choosing a treatment plan that fits the patient's budget without jeopardizing the patient's 

prevailing health conditions.  

3.2 KBS Technologies and Applications 

Agent-based systems/ Conversational agents: Also known as Chatbots, they are automated computer programs that 

can hold, e.g., a script-based conversation with a human being [19]. These systems can converse and interact with human 

users using natural language, either written or voice, and visual language. Conversational agents can potentially 

communicate with patients and serve as practical self-management tools for chronic conditions, including mental 

disorders [20]. Chatbots can either be rule-based or intelligent chatbots. Rule-based chatbots work with predefined rules 

or decision trees to manage their response and dialog, while intelligent chatbots use artificial intelligence (AI) to generate 

dialogue. Chatbots have become popular in health care, specifically mental health, in the past five years. According to a 

review of chatbot use in mental healthcare generally [7], [21]  and clinical psychology and psychotherapy (precisely) 

[19], different chatbots were identified for purposes such as therapy, training, education, counseling, and screening. They 

also effectively improved mental health disorders such as depression, stress, and acrophobia. Some of the prominent 

chatbots in literature are discussed briefly below. 

  

ELIZA – the first attempt at building a mental health chatbot by Joseph Weizenbaum in 1966. Using natural language 

processing rules, it generates appropriate textual responses to users' typed inputs through questions and answers.   

Despite its technical simplicity, ELIZA can generate convincing dialogues and evidence of therapeutic effectiveness [19], 

[22]. However, there has been no significant attempt at fully automating its approach for treating mental health problems. 

The MYLO chatbot, powered by a method-of-level therapy script, offers a self-help program for problem-solving when a 

person is in distress [22]. The chatbot imparts problem-solving strategies and guides users to focus on a specific problem 

by using open questions to encourage them to reflect on their thoughts, feelings, and behaviour. When evaluated, 

participants rated MYLO as practical and helpful in reducing problem-related distress compared to ELIZA. WOEBOT, a 

CBT-based chatbot, encourages learning by offering a self-help program to reduce anxiety and depression [23]. Users 

reported significant overall satisfaction with usage and content of the chatbot when evaluated.  

  
SHIM [24] and SABORI [25] are also CBT-based chatbots offering self-help programs for promoting mental well-

being [24]. During a randomized control trial, SHIM effectively increased psychological well-being and reduced stress in 

a non-clinical population. On the other hand, SABORI seeks to increase patient engagement and adherence via a 

preventive approach. The chatbot uses behavior intention questions to respond to user inputs and suggest a behavior. 

However, it is limited in its functions as it is domain-specific. Other chatbots include GABBY (based on the mindfulness 

principles), which offers self-help programs for behavioral changes and stress management [26]; PEACH  chatbot for 

intentional personality change through non-clinical psychological coaching [27]; Vivibot, an evidence-based 

conversational agent to address psychosocial needs of young people treated for cancer [28]. SERMO for emotions 

regulation [29], [30]; Tess, an AI-based chatbot that delivers brief text conversations as comprehensive support for 

mental health [31], [32]; iHelpr [33]; Anna [6]; Wysa and Joy [34] are also instances of chatbot studies in the literature.  

Semantic Web/Network: Semantic web and technologies provide a new approach to managing information and 

processes by creating and using semantic metadata – which can describe the document or entities within the document. 

Semantic web-based knowledge bases include: 

Knowledge Graphs (KGs): Knowledge Graphs are current AI trends that are particularly effective to model and perform 

automated domain-specific reasoning tasks [35]. A knowledge graph (KG) is an interconnected dataset enriched with 

semantics to reason about the underlying data and use it confidently for complex decision-making [36]. Knowledge 

Graphs (KGs) create structured information about entities and their relations from information retrieved from several 

resources (different silos). They are represented by a predefined ontology that uses different classes and the relationships 
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identified using a semantic network [37], [38]. Knowledge graphs provide deep, dynamic context – and simplify complex 

concepts, thereby providing related information in one place, with all the relationships across that data. Generic KGs 

include  Google KG [39], scientific, e.g., Semantic Scholar and PID [40], DBpedia, and  YAGO [37]. KGs have formed 

the bedrock of many knowledge-based applications in healthcare, ranging from extracting patient records and diagnoses 

to data integration on drugs and interactions [41]–[43]. KGs can organize and deliver quality mental health information 

to the public. However, preliminary evidence suggests the sparseness of mental health KGs [44]. Existing attempts at 

KGs for mental health include implementing the  DepressionKG system [41] to explore the relationships among various 

knowledge resources about depression for clinical decision support; MDepressionKG, a model of knowledge graph 

linking all metabolism entities of humans and their microbes to depression disorder [45]. A mental health question and 

answering system (MHQ&A) was proposed by Guo et al. [46]. Drawing on knowledge graph technology, the system 

provides the public answers to primary mental health questions, especially depression. Also, using social media data 

(Twitter), a semantic graph was developed to represent correlations between depression and its symptoms. Cao et al. [47] 

developed a high-level suicide-oriented personal knowledge graph with deep neural networks for suicidal ideation 

detection on social media.  

Ontologies: An ontology is a standardized computational artifact that captures, represents, and reasons about the 

knowledge in the field [48]. Ontologies capture knowledge by defining concepts, instances, relationships, and axioms 

while increasing the interoperability between different data sources and systems. They also reveal new associations 

between the datasets with corresponding semantics, inferring new knowledge. Ontologies are widely used in health and 

biomedicine and have substantially contributed to translational and clinical research and public and personalized health 

care. A formal ontology was implemented by Brenas et al. [48] to understand the relationship between adverse childhood 

experiences (ACEs), corresponding risk factors, and associated health outcomes. The ontology promises to improve 

ACEs research by allowing data integration and knowledge modeling. We also find a mental health ontology 

implemented by Hadzic et al. [49], which provides information on disorder types, factors (causality), and treatment. To 

accurately infer the probability of depression,  a depression-terminology ontology incorporated with Bayesian networks 

was implemented in Chang et al. [50], while further reviews also identify the existence of Ontologies for other mental 

conditions like Alzheimer's [51] and Parkinson's [52].  

Expert Systems: Expert systems (generally knowledge-based) solve problems using domain-specific knowledge. Expert 

systems are complex AI systems that utilize experts' learning in a specific problem domain to support decision-making 

[53]. The knowledge base (KB) is the core of the ES. Expert systems' knowledge bases can be rules or AI-based, 

allowing their implementation to different domains. The application of ES to healthcare dates back several decades. 

Recent applications to mental health care include designing a procedural rule-based expert system (RBES) using an 

interactive question-and-answer sequence to diagnose psychiatric diseases [54].  

4. DISCUSSION 

We reviewed KBS for mental health and identified emerging application areas. More recent research on self-

management and care has involved conversational agents for mental health and semantic-based KBS. Conversational 

agents (chatbots) can be practical, engaging, and valuable tools for individuals with mental disorders, ensuring privacy 

and preventing stigmatization. The chatbot technology is still experimental, as most reported chatbots are pilots 

undergoing controlled trials. Although the benefits of using chatbots for mental healthcare are numerous, there are still 

concerns among users and relevant stakeholders. Preliminary evidence validates the potential of chatbots, but high-

quality evidence is required from more extensive and diverse samples, including clinical populations. It is also essential 

to compare these interventions to traditional treatments to ascertain the magnitude, efficacy, feasibility, sustainability, 

safety, and acceptance of chatbots. Another interesting scope of research is designing chatbots that can detect emotions 

from users and offer corresponding emotional support.  

As with all knowledge bases (KBs), there is high heterogeneity in the implementation methodologies of 

conversational agents. There are no typical implementation, testing, evaluation, or reporting standards. Further research 

can investigate ways to evolve practical chatbot implementation approaches to foster transferability and replication in 

other contexts. To ascertain the validity and authenticity of the contents of chatbots and design more personalized 

content, it is essential to involve all mental health stakeholders in the development process. Ensuring substantial 

involvement will further inform the design of personalized, targeted, and evidence-based chatbots. Finally, it is also vital 

to understand preferred engagement modes for optimal usage, identify methods of embedding these agents into medical 

systems and applications, and adapt them to suit local content.  

  

Semantic-based KBs are a modern way to store information with different KGs built for domains. Some typical 

application trends of KGs include integrating and leveraging data from diverse sources at a large scale and combining 

deductive (rules, ontologies) and inductive techniques (machine learning, analytics) to represent and accumulate 

knowledge. KG helps to achieve interoperability, interlinking, and integration. However, the dynamic nature of 

knowledge will pose a limitation. Instances of various classes may be added or deleted, and the semantic relationship 
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between elements might also evolve. When such changes occur, a knowledge graph might become inconsistent with its 

ontology, conveying meaningless information. Future research can investigate designing quality, scalable, and dynamic 

KGs. With expert systems, current research focuses on evolving technical evaluation standards and domain-specific 

customization of knowledge bases for ES.  

Knowledge-based systems offer several advantages - knowledge is captured and represented efficiently and securely, 

synthesized, and integrated from different knowledge sources to proffer solutions to complex problems. KBS creates new 

knowledge by inductive reasoning and makes such a learning process transferable. Generally, most KBSs are rule-based 

and are therefore prone to anomalies [55] such as redundancy (the presence of rules drawing the same inferences with the 

same input), conflict (a situation where incompatible inferences are made from valid initial data), circularity (when a set 

of rules run endlessly during an inference process) and deficiency. It is, therefore, essential to check for anomalies when 

building a knowledge-based system. In addition, dynamic events like domain changes, evolving user requirements, and 

KBS customization may warrant modifications to the knowledge base, which is a complex process. Future research could 

investigate developing techniques for knowledge base modification.  

5. CONCLUSION 

The potential benefits of KBSs and their technologies have made it an exciting method of delivering health care 

support, especially in mental health. With their ability to create and provide access to new knowledge to support 

decision-making, knowledge bases would make it possible for healthcare institutions to enhance the quality of patient 

care and access to care while promoting self-management, especially for mental health. This review outlines some of the 

benefits, applications, limitations, and possible challenges posed by the emerging applications of knowledge-based 

systems. 
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