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Abstract—Personalized recommender systems for mental 

health are becoming indispensable instruments for providing 

individuals with individualized resources and therapeutic 

interventions. This study aims to explore the application of 

recommender systems within the mental health domain through 

a systematic literature review. The research is guided by three 

primary questions: 1) What is a recommender system, and what 

techniques are available within these systems? 2) What 

techniques and approaches are used explicitly in recommender 

systems for mental health applications? 3) What are the 

limitations and challenges in applying recommender systems in 

the mental health domain? The first step in answering these 

questions is to give a thorough introduction to recommender 

systems, covering all the different methods, including content-

based filtering, collaborative filtering, knowledge-based filtering, 

and hybrid approaches.  Next, examine the specific techniques 

and approaches employed in the mental health context, 

highlighting their unique requirements for adaptation, benefits, 

and limitations. Ultimately, the research highlights the key 

limitations and challenges, including data privacy concerns, the 

need for tailored recommendations, and the complexities of user 

engagement in mental health environments. By synthesizing 

current knowledge, this review provides valuable insights into 

the potential and constraints of recommender systems in 

supporting mental health, offering guidance for future research 

and development in this critical area. 
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I. INTRODUCTION 

Recommender systems, also called information filtering 
support, are used to predict or suggest an item, such as 
products, movies, content, and others, based on machine 
learning algorithms that the user might be interested in. It uses 
content-based filtering, collaborative filtering, and a hybrid 
recommender system to generate recommendations based on 
user preferences, behavior, and other relevant data. Today, 
recommendation systems have become the most popular tools 
for personalized support, and they have the potential to 
personalize mental health support further and improve 
treatment outcomes in the digital mental health landscape. 

The area of mental health treatments has seen a significant 
change in recent years, with a focus on acknowledging the 
needs, preferences, and characteristics of those who are seeking 
help. One in three Malaysians have a mental disease, yet half 
of those diagnoses are erroneously raising concerns about 
mental health. Numerous mental health conditions are 

prevalent, such as anxiety, depression, bipolar disorder, 
schizophrenia, and more [1]. This shows that there is cause to 
be concerned and emphasizes the need for mental health 
support and education in Malaysia. While mental health 
interventions are essential for addressing people's well-being, 
the current field mainly uses long-standing, conventional 
methods, including clinical diagnosis and medication 
intervention [2]. Even while these traditional approaches are 
helpful, they have many limitations. The desire for 
personalization—where therapies can be customized to meet 
the unique needs of everyone—has been sparked by the 
realization that there is no one-size-fits-all approach to mental 
health care. This change reflects a broader understanding that 
individuals seeking help might benefit from more engaging, 
effective, and ultimately transformational mental health 
treatment. 

The need for personalization in mental health interventions 
is becoming increasingly acknowledged, although a severe 
issue still exists. The way mental health treatment is now 
provided does not adequately allow therapies to be adapted to 
each patient's specific requirements. Although helpful, 
traditional methods might only fully utilize personalization's 
potential. This issue presents a significant difficulty since it 
might impair user engagement and satisfaction and, more 
importantly, the well-being of those who are seeking mental 
health help. Research on the effectiveness of recommender 
systems specifically designed for mental health therapies 
remains limited. The absence of robust empirical evidence 
makes it difficult to determine whether these approaches are 
beneficial and effective. 

Thus, this study aims to conduct a systematic literature 
review on the application of recommender systems and their 
core techniques—including collaborative filtering, content-
based filtering, knowledge-based filtering, and hybrid 
approaches—focusing specifically on their use in the mental 
health domain. It also seeks to compare these techniques, 
identifying their advances, challenges, and limitations 
associated with their implementation in this field. 

II. RESEARCH METHOD 

This paper offers an extensive systematic literature review 
that critically evaluates related works that pertain to the 
research topic. This dissertation's literature review mainly 
centers on diverse recommender systems that employ various 
recommendation techniques. These distinctions are organized 
and summarized in a tabulated format to enhance 
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comprehension. The primary objective of this systematic 
literature review is to evaluate the methods available for 
crafting a recommender system that is ideally tailored for 
personalized mental health interventions. 

A literature review is essential to research that 
comprehensively analyses existing literature on a particular 
topic. In the case of recommender systems, literature reviews 
are conducted to identify the current state of research, research 
trends, limitations, and opportunities. It also provides a 
guideline for future research in recommender systems. Hence, 
this part is essential to understand the current recommender 
systems research comprehensively. Conducting a systematic 
literature review (SLR) involves several key stages. Fig. 1 
shows the critical stages in conducting a systematic literature 
review for this study. 

 
Fig. 1. Systematic literature review stage. 

A. Planning and Review 

This systematic review aims to understand the trends in 
recommender systems that can be effectively addressed, as 
well as the development and assessment of recommender 
systems. The research questions (RQ) aim to ascertain the 
limitations and difficulties associated with recommender 
systems and the evidence supporting their significance for 
individualized mental health. Below are the study questions 
that will be investigated during this comprehensive literature 
review: 

 RQ1: What is a recommender system? What are the 
techniques available in the recommender system? 

 RQ2: What techniques and approaches are used in 
recommender systems within the mental health 
domain? 

 RQ3: What are the limitations and challenges in 
applying a recommender system for the mental health 
domain?  

B. Literature Search 

This section identifies relevant academic databases and 
sources well-regarded in personalized mental health 
recommender systems. Table I below shows an example of an 
academic database used to find relevant research in the field. 

TABLE I. ACADEMIC DATABASE 

Field Academic Database 

Recommender system 
IEEE Xplore, ACM Digital Library, 

Scopus, and Google Scholar 

Mental health interventions PubMed. 

The ultimate list of keywords was obtained after adding 
synonyms to make it longer. The search terms were defined 
using the research questions and the area's keywords as a 
guide. Table II presents examples of synonyms, and Table III 
presents a search query that was utilized for this study. 

TABLE II. KEYWORD AND SYNONYM 

Keyword Synonym 

Recommender Suggestion, recommendation 

System Framework, mechanism, structure 

Mental Health 
Psychological health, emotional health, mental 

wellness 

Intervention Therapeutic support, support 

TABLE III. SEARCH QUERY 

Search ID Search Term 

S1 
“Personalized recommender system” AND “mental health” 

AND “intervention” 

S2 

“Personalized recommendation for mental health” AND 

(“mental health intervention” OR “mental health therapeutic 

support”) 

S3 
“Customized mental health interventions” AND 
(“recommender system” OR “recommendation system”) 

S4 

(“Personalized recommendation” OR “adaptive 

recommendation”) AND (“mental health” OR 
“psychological health”) AND (“intervention” OR 

“support”) 

C. Screening and Selection 

In this activity, a few articles were selected to support the 
SLR. After identifying relevant papers, a quality assessment 
was conducted to avoid bias and internal and external validity. 
Incorporating the most recent research ensures that this SLR is 
current, comprehensive, and reflective of the state of the art in 
the application of recommender systems for mental health 
interventions. Therefore, only research published between 
2019 and 2024 was chosen for this study.  References were 
gathered, stored, and arranged using the desktop and web 
versions of the Mendeley software package. 

About 612 results from the search were returned, 
comprising research articles, book chapters, proceeding papers, 
review articles, editorial materials, and early articles. After 
removing papers that were not relevant and adding relevant 
papers, 71) articles in total were used for this study. The 
flowchart below shows a detailed breakdown of the searched 
articles, as shown in Fig. 2. 
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Fig. 2. Detailed breakdown of the searched articles 

Explicit inclusion and exclusion criteria are necessary to 
guarantee that the studies are pertinent, excellent, and in line 
with the research goal. Table IV below shows the requirements 
for inclusion and exclusion. 

TABLE IV. INCLUSION AND EXCLUSION 

Inclusion Exclusion 

English article Non-English article 

Year published from 2019-2024 Outdated year publication 

Related to the recommender system 

and mental health 
Irrelevant to the studies 

 Duplicate Literature 

D. Data Extraction 

Data extraction was carried out during the last phase of 
choosing primary research. Approaches, techniques, and 
application domains were among the crucial content data 
required to answer the research questions gathered, along with 
necessary metadata from the papers, such as author, title, and 
year of publication. Table V displays the framework for 
extracting data. First, a list of the extracted data is presented; 
next, any ambiguous data is clarified; finally, the research 
questions about the extracted information are explained in 
detail in the final column. 

TABLE V. FRAMEWORK EXTRACTING DATA 

Extract Data Description RQ 

Author Names of the authors of the study. - 

Title Title of the study or paper RQ1 

Year of 
Publication 

The year when the study was published - 

Journal/ 

Conference 

Name of the journal or conference where 

the study was published. 
- 

Doi/ Link 
Digital Object Identifier or URL for 
accessing the study 

- 

Application 

domain 
Domain applied in the study RQ2 

Approach Recommendation approach in the study RQ3 

Techniques Technique applied in the study RQ1 

E. Data Analysis 

For this review, 71 major research studies were dominated. 
From these studies, 23 journal articles, 26 conference papers, 4 
workshop articles, 3 symposium articles, 4 handbook articles, 
and 11 others (website, review paper, etc.) were classified. The 
percentages of collated studies are presented in Fig. 3. In 
contrast, the total paper issued per year is presented in Fig. 4. 
This section presents the findings from a selection of studies 
that addressed each research question; these findings span 
several categories and include approaches, techniques, 
evaluation methodologies, and other crucial information. 

 
Fig. 3. Percentage of collated studies 

 
Fig. 4. Distribution of studies per publication year 

III. REVIEW RESULT 

A. Review Result Based on Research Question 

1) Research question 1: What is a recommender system? 

What are the techniques available in the recommender 

system? 

The rapid expansion of digital data and the growing 
number of internet users have led to the possibility of 
information overload, making it difficult for users to access 
relevant content on the web quickly. As a result, users often 
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struggle to find the information they need promptly, leading to 
frustration and decreased engagement with online services. 
This problem is particularly acute for users looking for highly 
specific or niche content, as they may have difficulty finding 
relevant items in the vast sea of available information. To 
address this challenge, recommender systems have been 
developed to help users find relevant and valuable content 
based on their past behaviors and preferences. 

A recommender system is an information filtering system 
that predicts the preferences or interests of a user and 
recommends items that the user may like. It is widely used in 
e-commerce, social media, and entertainment industries to 
provide personalized recommendations to users [3]. Studies 
from [4] state that recommender systems have become more 
sophisticated in recent years with the development of deep 
learning algorithms and large datasets. Today, recommender 
systems are used in various applications, such as Netflix, which 
suggests movies based on the user's previous viewing history; 
YouTube recommends videos or tracks based on the user's 
search history; and Amazon suggests additional products based 
on the user's purchase history. Similarly, Facebook 
recommends that people befriended based on the user's social 
network. Traditional recommender systems use different 
approaches to make recommendations to users. These 
approaches include content-based filtering, collaborative 
filtering, hybrid methods, and other techniques that can be 
classified into more categories, such as knowledge-based 
filtering [4]. 

The area of mental health treatments has seen a significant 
change in recent years, focusing on acknowledging the 
particular needs, preferences, and characteristics of those 
seeking help. One in three Malaysians have a mental disease, 
yet half of those diagnoses are erroneously raising concerns 
about mental health. Numerous mental health conditions are 
prevalent, such as anxiety, depression, bipolar disorder, 
schizophrenia, and more [5]. This shows that there is cause to 
be concerned and emphasizes the need for mental health 
support and education in Malaysia. While mental health 
interventions are essential for addressing people's well-being, 
the current field mainly uses long-standing, conventional 
methods, including clinical diagnosis and medication 
intervention [2]. Even while these traditional approaches are 
helpful, they have a lot of limitations. The desire for 
personalization—where therapies can be customized to meet 
the unique needs of each individual—has been sparked by the 
realization that there is no one-size-fits-all approach to mental 
health care. This change reflects a broader understanding that 
individuals seeking help might benefit from more engaging, 
effective, and ultimately transformational mental health 
treatment. 

Thus, by utilizing recommender systems, which have 
become valuable instruments in the more significant healthcare 
industry, data-driven solutions that can improve personalized 
treatment are provided. These systems employ user data and 
algorithms to offer suggestions to enhance user experiences 
and healthcare service delivery. While this usage offers 
convenience, some disadvantages need to be addressed. 
Therefore, this study uses a hybrid recommendation system 
that combines several recommendation techniques, such as 

content-based filtering, collaborative filtering, knowledge-
based filtering, and hybrid approach, which may overcome the 
problems and provide more accurate and diverse 
recommendations. 

a) Collaborative filtering approach: Recommender 

systems use a technique called Collaborative Filtering (CF) to 

forecast a user's interests based on the tastes of users who are 

similar to the said user [6]. It is predicated on the notion that 

individuals who share a joint assessment of a given item will 

likely do so in the future. User-based and item-based CF are 

the two primary categories of CF. While item-based CF 

suggests products comparable to those a user has previously 

liked, user-based CF suggests items to a user that similar users 

have previously liked [7]. 

As to [8], user-based CF is a method that forecasts the 
items a user would find appealing by analyzing the ratings that 
other users with comparable tastes have assigned to that item. 
This kind of recommendation system bases its product 
recommendations on user similarities. On e-commerce 
platforms, this technique is frequently used to make product 
recommendations to consumers based on their browsing and 
past purchases. To suggest movies, TV series, and songs to 
customers based on their viewing or listening history is also 
utilized by streaming services like Netflix and Spotify [9]. 

Item-based CF is a subset that makes recommendations to 
consumers based on how two comparable items are determined 
by utilizing user ratings. [10] states that Amazon utilized and 
invented it in 1998, which has been essential to the company's 
success. Item-based CF examines the relationship between the 
two items and combines the user's rated and bought items with 
related goods to generate a suggestion list. 

Hence, CF can be classified as a powerful tool for 
personalizing users' experiences and increasing customer 
engagement and satisfaction. Table VI below shows several 
advantages and disadvantages of CF recommendation 
approaches for recommending items. 

TABLE VI. ADVANTAGES AND DISADVANTAGES OF COLLABORATIVE 

FILTERING APPROACH 

Advantage Disadvantage 

Personalization: CF provides users 
with personalized recommendations 

based on their past behavior, 

preferences, and activities [11]. 

Cold start problem: CF has a cold start 
problem, in which it isn't easy to make 

recommendations for new users or 

items without ratings [12]. 

Diversity: CF can recommend items 
that are not popular, which can 

increase the diversity of 

recommendations and expose users 
to new items [12]. 

Sparsity: CF can suffer from sparsity, 

where there are not enough ratings or 
data points to make accurate 

recommendations [12]. 

Scalability: CF can handle large 

datasets and many users, making it 

scalable for e-commerce platforms 
and other applications [11]. 

Over-specialization: CF can lead to 

over-specialization, where users are 
recommended items that are too 

similar to their past behavior, limiting 

their exposure to new items [12]. 

Adaptability: CF can adapt to user 
interest and preference changes over 

time, making it a dynamic and 

flexible recommendation system 
[11]. 

Popularity bias: CF can suffer from 
popularity bias, where popular items 

are recommended more frequently, 

leading to a need for more diversity in 
recommendations [11]. 
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b) Content-based filtering approach: In recommender 

systems, content-based filtering (CBF) is a technique that uses 

the user's attributes to forecast and suggest new but 

comparable things [13]. The more a consumer participates, the 

more accurate future suggestions are generated by the CBF 

algorithm, which retains past user data, including clicks, 

reviews, and favorites, to establish a user profile. The author 

in [14] claims that this method does not use the data of other 

users when making suggestions to a single user; instead, it 

attempts to infer a user's features or behavior based on the 

item's features. Each item's unique traits must reflect its 

fundamental characteristics when using CBF. For example, 

the recommender system requires specific movie attributes, 

including actors and actresses, directors, the year of release, 

and genre, to discriminate between movies [15]. 

According to a [18] publication, the CBF model finds 
similarities between things to make suggestions based on 
specific criteria. These systems generate data profiles by 
utilizing description information, which could comprise 
attributes of objects or individuals. The users who previously 
liked, purchased, viewed, or listened to products are then 
suggested to them based on the developed profiles. The 
premise is that people may enjoy similar goods in the future if 
they have previously liked specific items, which is crucial to 
content-based filtering. 

Two common approaches are typically employed in 
content-based filtering: Cosine distance and classification [13] 
[17]. In the cosine distance method, the cosine distance 
between the user and item vectors determines preference. For 
instance, the action movie vector has a positive value for a user 
who enjoys watching it, but the horror movie vector has a 
negative value for that same person. The cosine distance is 
used to find the similarity between the user and item vectors, 
and the items with the highest similarity score are 
recommended for use [13] [18]. The classification approach 
method uses a classification algorithm to predict whether a user 
will like an item or not based on the item's features; for 
example, a decision tree algorithm can be used to predict 
whether a user will like a movie based on its genre, director, 
actors, and other features. The algorithm learns from the user's 
past preferences and creates a model that can predict the user's 
future preferences [13] [18]. 

In summary, CBF is a method for recommender systems 
that uses machine learning algorithms to forecast and suggest 
new but comparable items based on those attributes to the user. 
The more a consumer participates, the more accurate future 
suggestions are generated by the CBF algorithm, which retains 
past user data, including clicks, reviews, and favorites, to 
establish a user profile. Rather than focusing on how an object 
interacts with the user, CBF approaches need additional 
information about its features. Table VII below shows several 
advantages and disadvantages of CBF recommendation 
approaches for recommending items. 

TABLE VII. ADVANTAGES AND DISADVANTAGES OF CONTENT-BASED 

FILTERING 

Advantage Disadvantage 

No-item cold-start problem: Content-

based filtering can recommend items 

to new users who have yet to have 
any interaction [19]. 

Limited capacity to build upon users' 

current interests: The model can only 
provide recommendations based on 

the user's current interests. It is not 

able to build upon those interests [19]. 

Scalability: Since the 

recommendations are unique to this 

person, the model does not require 
any information about other users, 

simplifying scaling to many users 

[19]. 

Needs extensive domain expertise: 
Because the item feature 

representation is partially hand-

engineered, this technique calls for a 
great deal of subject knowledge [19]. 

Recommendations for niche 
products: Based on the user's 

preferences, the model can identify 

products that only a tiny percentage 
of users are interested in [19]. 

Limited quality consideration: 
Content-based filtering systems 

mostly need to consider the quality of 

the items in the recommendation 
process [20] 

c) Knowledge-based filtering approach: The 

knowledge-based filtering (KBF) approach is a 

recommendation system that does not rely on user data or 

ratings but instead uses domain knowledge to make 

recommendations. KBF systems use a set of rules or 

knowledge to recommend items to users based on their 

preferences [21][23]. 

According to [22], KBF systems are often used in domains 
where domain knowledge is readily available, such as the 
medical field or in recommending books. However, the quality 
and completeness of their domain knowledge need to be 
improved. 

In summary, the knowledge-based filtering approach is a 
recommendation system that uses domain knowledge to make 
recommendations. It does not rely on user data or ratings, can 
explain its recommendations, and can handle new items. 
However, it is limited by the quality and completeness of its 
domain knowledge; it can only recommend items that match 
the user's known preferences and acquiring domain knowledge 
can take time and effort. Table VIII below shows several 
advantages and disadvantages of KBF recommendation 
approaches for recommending items. 

TABLE VIII. ADVANTAGES AND DISADVANTAGES OF KNOWLEDGE-BASED 

FILTERING 

Advantage Disadvantage 

No need for user data: Knowledge-

based filtering systems do not 
require user data or ratings, making 

them useful when user data is 

unavailable [21][2]. 

Limited to domain knowledge: 

Knowledge-based filtering systems are 
limited by the quality and 

completeness of their domain 

knowledge [22]. 

Able to offer clarifications: 

Knowledge-based filtering systems 

can make their recommendations 
more visible and understandable by 

providing justifications for them 

[22]. 

Limited to known preferences: 

Knowledge-based filtering systems 

can only recommend items that match 
the user's known preferences and 

cannot expand on the user's interests 

[23]. 

Can handle new items: Knowledge-
based filtering systems can handle 

new items that have yet to be rated 
by users [23]. 

Difficulty in acquiring domain 
knowledge: Acquiring domain 

knowledge can be challenging and 
time-consuming [22]. 



(IJACSA) International Journal of Advanced Computer Science and Applications, 

Vol. 15, No. 10, 2024 

390 | P a g e  

www.ijacsa.thesai.org 

d) Hybrid recommender system approach: Hybrid 

recommender systems integrate the complementary qualities 

of two or more recommendation algorithms differently to 

benefit from the complementary qualities of two or more 

recommendation algorithms. Combining two or more 

recommendation algorithms, hybrid recommendation systems 

seek to give users more accurate, varied, and well-balanced 

recommendations. [24][25]. 

Developing hybrid recommender systems by fusing various 
methods, like content-based and collaborative filtering, is 
possible. While the content-based filtering component 
considers objects' particular characteristics and properties, the 
collaborative filtering component gathers the general public's 
knowledge [25][26]. According to an article by [24], there are 
various kinds of hybrid recommender systems, such as feature 
combination hybrid, weighted hybrid, switch hybrid, and 
mixed hybrid. 

In summary, hybrid recommender systems leverage the 
complementary advantages of two or more recommendation 
algorithms by combining them in diverse ways. They can offer 
better coverage of the item space, overcome the shortcomings 
of individual methodologies, and deliver more precise 
recommendations. Nevertheless, choosing the best mix of 
approaches can take time and effort, and they might be more 
challenging to develop and maintain than single-technique 
systems. They also require more data. Different techniques, 
such as collaborative and content-based filtering, can be 
combined to create hybrid recommender systems. Table IX 
below shows several advantages and disadvantages of the 
hybrid recommender system approach in recommending items. 

TABLE IX. ADVANTAGES AND DISADVANTAGES OF HYBRID 

RECOMMENDER SYSTEM 

Advantage Disadvantage 

Overcoming limitations of individual 

techniques: Hybrid recommender 
systems can combine individual 

techniques to overcome their 

limitations [25]. 

Complexity: Hybrid recommender 

systems can be more complex to 

implement and maintain than single-
technique systems [25]. 

Increased accuracy: Hybrid 

recommender systems can produce 

more accurate recommendations by 
integrating the advantages of several 

strategies [27]. 

Data requirements: Hybrid 
recommender systems require more 

data than single-technique systems 

[25]. 

Better coverage: Hybrid 
recommender systems can combine 

different techniques to provide better 

coverage of the item space [24]. 

Difficulty in selecting the right 

combination of techniques: Selecting 
the right combination of techniques 

can be challenging, and the hybrid 

system's performance depends on the 
quality of the individual methods [24]. 

2) Research question 2: What techniques and approaches 

are used in recommender systems within the mental health 

domain? 

Recommender systems can improve the user experience of 
mental health apps by personalizing the intervention, making it 
more applicable to the needs of the individual user and, thus, 
more engaging [28] [29]. Through personalized 
recommendations, these systems can effectively customize the 
content, resources, and interventions offered by mental health 
apps, creating a more tailored and relevant experience for each 

user. According to [29], recommender systems can filter 
content and provide tailored mental health suggestions by 
leveraging individual usage data. Through meticulous analysis 
of user behavior, preferences, and interactions within mental 
health apps, these systems can discern patterns and preferences 
unique to each user. This insightful data analysis enables 
recommender systems to curate personalized content, ensuring 
that mental health suggestions are finely tuned to match the 
specific needs and interests of the individual. 

Other than that, the recommender system for mental health 
personalization represents a transformative approach in mental 
health care, enabling the adaptation of treatments to the unique 
needs of individuals and thereby enhancing the overall care for 
depressive symptoms and beyond [30]. By customizing 
therapeutic strategies based on a person's specific 
circumstances, preferences, and responses, these interventions 
can optimize the effectiveness of treatment. According to [31], 
content recommendation systems are pivotal in scaling and 
complementing digital mental health care by offering 
personalized content and self-care recommendations. These 
systems leverage advanced algorithms to analyze user data, 
preferences, and behaviors, tailoring the delivery of relevant 
resources to individuals seeking mental health support. 

Therefore, recommender systems can transform the mental 
health care field by personalizing interventions and better 
tailoring them to specific users' needs. They can be applied in 
various ways in mental health apps to ascertain what would be 
pertinent to the user. They use algorithms to forecast material 
or information relevant to the user. 

a) Collaborative filtering for mental health: A CF 

Recommender System for Mental Health technology uses 

algorithms to provide personalized recommendations for 

mental health treatments or interventions. This system is 

designed to enhance the personalization of mental health care 

by recommending treatments or interventions based on the 

similarities between patients and their responses to different 

treatments. According to [22], CF algorithms, such as matrix 

factorization and k-nearest neighbors, have been used to 

improve the personalization of digital mental health therapy. 

These algorithms have shown a 6.5-8.3% improvement in 

treatment personalization. 

The system uses patient ratings of treatment efficacy and 
demographic data to recommend treatments to new patients. 
Based on shared demographic and behavioral traits, it groups 
users into clusters. The model may suggest a treatment for a 
patient who is entirely new to the model or has taken 
depressive therapies in the past by comparing and classifying 
users based on specified demographic similarities and 
comparing treatments based on efficacy rating similarities 
across users [32]. 

Furthermore, [33] points out that CF can suggest places and 
activities that, according to users' prior experiences, may have 
a greater chance of having a favourable impact. With this, users 
may find tiny moments of thankfulness and joy in their daily 
lives. Recommended systems for digital mental health apps 
have some ethical concerns, especially for those that employ 
artificial intelligence and personal data. These include concerns 
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about privacy, personalization trade-offs, explainability, and 
the calibre of recommendations [22]. 

In summary, by tailoring interventions to the specific needs 
of each user, CF Recommender Systems for Mental Health has 
the potential to transform the way mental health care is 
provided completely. However, these systems' efficacy 
depends on the quantity and calibre of data available, and their 
application necessitates careful consideration of moral 
dilemmas. 

b) Content-based filtering for mental health: A CBF 

Recommender System for Mental Health is a technology that 

uses algorithms to provide personalized recommendations for 

mental health treatments or interventions based on individual 

usage data. This system is designed to enhance the 

personalization of mental health care by recommending 

treatments or interventions based on the individual's past 

behavior and preferences. The author in [29] claim that CBF 

approaches have great potential for offering individualized 

mental health advice. Based on a user's personal information 

and past usage statistics, these strategies employ information 

filtering algorithms to provide suggestions or 

recommendations for appropriate material. 

Therefore, by tailoring interventions and making them 
more relevant to the needs of specific users, CBF 
Recommender Systems for Mental Health have the potential to 
transform the way that mental health care is provided 
completely. However, the quality and availability of data 
determine how effective these systems are and using them 
requires careful ethical considerations [29]. 

Unfortunately, minimal research has been conducted in this 
area, possibly due to several reasons, including the sensitive 
nature of mental health data and the recent emergence of 
technology-driven solutions. It is possible that this area of 
study is still emerging or that research in this specific niche 
needs to be expanded. 

c) Hybrid recommender system for mental health. A 

hybrid recommender system for mental health combines 

multiple recommendation approaches to provide individuals 

with personalized mental health support and resources. 

Research by [33] about a hybrid recommender system for 

mental illness detection in social media using deep learning 

techniques mentions that a hybrid recommender system is a 

sophisticated tool that combines various algorithms to analyze 

social media data and identify potential signs of mental illness. 

This system is primarily designed to optimize the detection of 

mental health issues, particularly depression, by analyzing 

patterns in social media behavior and content. 

However, while hybrid recommender systems have 
demonstrated their potential in various domains, there is a 
notable lack of research specifically focused on their 
application in mental health. Technology plays a crucial role in 
mental health support, so developing hybrid recommender 
systems can contribute to more effective, accessible, and user-
centric mental health care. 

3) Research Question 3: What are the limitations and 

challenges in applying a recommender system for the mental 

health domain? 

The sensitive nature of mental health data and the 
complexity of individual needs make the application of 
recommender systems in the mental health domain complex 
and fraught with limitations. Technological, data science, 
ethics, and mental health specialists must collaborate to address 
these issues multidisciplinary. Table X below shows the 
constraints and challenges in several studies on the 
recommender system approach using the CBF technique, CF 
technique, and hybrid recommender system in the mental 
health domain. 

TABLE X. SUMMARIZATION OF RECOMMENDER SYSTEM FOR MENTAL 

HEALTH DOMAIN 

Recommender 

System 

Approach 

Studies Limitation and challenge 

CBF Technique [29] 

The lack of explainability in 

recommender systems used in DMH 

apps raises ethical concerns. 

CF Technique 

[27] 

The analysis does not consider the 
cold-start scenario, in which the 

algorithms predict for users something 

they have never seen before, which is a 
well-known challenge for 

recommender systems. 

[31] 

● User cold-start problem: User-user 

collaborative filtering relies on finding 
similarities in item ratings between 

users to make recommendations. 

However, a cold-start user with no item 
ratings cannot be given a 

recommendation. 

● The sparsity of data: If users have 

rated only a few items, similarity 

measures between users become 

unreliable, affecting the accuracy of 
recommendations. 

[32] 

There are challenges in developing 

engaging and personalized digital 

interventions, the potential of 
recommender systems to address these 

challenges, and the need for further 

research and empirical evaluation. 

Hybrid 

Recommender 

System 

[33] 

Requires large labelled social media 

datasets, which can be difficult to 

obtain 

IV. DISCUSSION 

Specific gaps and limitations have been evident in the 
recommender systems literature, pointing to areas where 
further exploration and development are warranted. One of the 
primary challenges is the availability and quality of the data. 
Recommendation algorithms may not be as successful when 
dealing with sparse or noisy mental health data, such as user 
preferences, behavior patterns, and treatment results. To 
address this issue, data are collected through an online 
platform, which offers users the most accessible means to 
contribute and receive recommended interventions from the 
system. Experts in the field of mental health provide these 
intervention data. Using an online platform to collect data and 
incorporating the expertise of mental health professionals could 
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help alleviate some of the difficulties associated with limited or 
unreliable mental health data. However, it is essential to 
recognize that these approaches may not eliminate all 
problems. Nevertheless, they have the potential to significantly 
improve the quality, relevance, and effectiveness of the 
system’s proposed mental health therapies. 

Furthermore, it is crucial to acknowledge the limited 
research on recommender systems designed for mental health 
treatments. Prior research in this field often utilizes several 
recommendation strategies, demonstrating a wide array of 
methodologies. Yet, these methods have their inherent 
restrictions and difficulties. While hybrid recommender 
systems have the potential to tackle some obstacles, there is 
still a lack of research on their use in mental health settings. 
Although hybrid recommender systems have the potential to be 
effective in the field of mental health intervention, more 
research is required to evaluate their practicality, effectiveness, 
and implementation. The potential for synergies in hybrid 
recommender systems still needs to be explored. Focusing only 
on specific methods can make it harder to understand hybrid 
approaches, which could mean missing chances to improve the 
quality of recommendations. 

Moreover, consistency in evaluating metrics across studies 
presents challenges in comparing and benchmarking 
recommender system performance. Standardized metrics and 
benchmarks are lacking, making it difficult to establish a 
common framework for evaluating recommendation quality. 
Addressing this requires the adoption of standardized metrics 
and benchmarks for more equitable comparisons. 

A common challenge in recommender systems is the "cold 
start" problem, where recommender systems struggle to make 
practical recommendations for new users or items with limited 
data. Many studies need to adequately address this issue, which 
can lead to suboptimal recommendations for newcomers. 
Solving this problem is essential to ensure valuable 
recommendations for all users. In this case, combining a few 
techniques, which are CF, CBF, and KBF, may leverage the 
strengths of each approach to overcome the limitations of 
individual methods and handle the cold start problem more 
effectively. 

In conclusion, it is essential to identify these holes and 
problems in the literature on recommender systems and take 
action so that the field can continue to grow and 
recommendation technologies improve. Future research on 
these areas will contribute to advancing recommender systems 
and their ability to serve diverse user needs and preferences. 

V. CONCLUSION 

This paper comprehensively explores recommender 
systems, focusing on enhancing personalization. Recommender 
systems are central in personalizing recommendations across 
various domains, improving user experiences, and guiding 
choices. Traditional approaches like CF and CBF are 
commonly used but have limitations, including the cold start 
problem and difficulty capturing diverse user preferences. 
There are challenges in delivering personalized care, including 
privacy concerns, the need for real-time recommendations, and 
limitations in cross-domain recommendations. Hence, hybrid 

recommender systems, which combine various 
recommendation techniques, hold promise for overcoming the 
limitations of traditional methods. 

Evaluating recommender systems is essential, and 
standardized metrics and benchmarks are necessary for fair 
assessments. User and intervention data should be integrated 
into the evaluation of the recommendation system. 
Additionally, interpretability and explainability of 
recommendations are critical to building user trust and 
engagement. Privacy and ethical considerations, including data 
misuse and user profiling, should be considered to ensure 
responsible data use. 

To wrap up, this review provides valuable insights into the 
world of recommender systems, their challenges, and the 
potential for improvement. The review emphasizes the 
importance of addressing gaps and limitations to create more 
effective and ethical recommendation systems that meet users' 
diverse needs and preferences. 

VI. FUTURE WORK 

Insights from the literature review suggest several 
promising directions for future research in recommender 
systems for mental health therapies. These directions are 
essential for overcoming current limitations and advancing the 
development of practical, user-friendly, and ethically sound 
recommendation technologies in mental health care. 

Future work should prioritize addressing key challenges, 
including improving recommendation accuracy, mitigating 
cold start and data sparsity problems, and upholding ethical 
standards in system design and deployment. Enhancing the 
personalization of recommendations by integrating contextual 
factors such as user preferences, emotional states, and mental 
health history could significantly improve system performance. 
Moreover, innovative approaches to data utilization, such as 
incorporating external data sources and leveraging hybrid 
models, could help alleviate data-related limitations. 

Research should also focus on evaluating the real-world 
efficacy of these systems through longitudinal studies and 
clinical trials to better understand their impact on mental health 
outcomes. Additionally, expanding the applicability of 
recommender systems to diverse populations is crucial for 
ensuring inclusivity and addressing cultural, demographic, and 
individual differences in mental health needs. 

Exploring advanced techniques, such as deep learning, 
reinforcement learning, and multimodal data integration, offers 
further opportunities to push the boundaries of current 
methods. By investigating these areas, future research can 
significantly contribute to developing more accurate, portable 
recommender systems that align with ethical considerations 
and user needs. 
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