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As science and technology advance rapidly, vast amounts of 
structured, semi-structured, and unstructured data are generated 
daily from various sources. This data, produced by diverse users, 
often exhibits common patterns that can be filtered and analyzed to 
offer valuable recommendations for products or services that 
interest these users. Recommender systems emerged in the mid-
1990s and gained significant attention following the Netflix Prize. 
Today, these systems are applied in diverse fields, such as movie 
recommendations (Netflix), book suggestions (Amazon), and music 
selections (Spotify). Recommender systems (RS) are software 
applications and methods created to suggest items that may be 
valuable or relevant to users. This study aims to identify, evaluate, 
and synthesize research on the application of recommender 
systems in finance. To achieve this objective, we employed the 
bibliometric method, a robust approach for collecting research data. 
All relevant articles in this field were initially gathered from the 
Scopus database. Subsequently, we conducted an analysis using the 

bibliometrix package in R software to process the collected articles. 
In this study, we review the historical background of research 
conducted on recommender systems, explore their applications in 
the financial domain, and elaborate on the inputs and outputs of 
such systems. Additionally, we introduce different recommender 
systems and discuss their advantages, disadvantages, and 
challenges. Finally, we offer suggestions for the implementation of 

this method. The findings of this research serve as a valuable toolkit 

to assist researchers in their work within this area of study. 
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Introduction 

In today's fast-paced world, the amount of information we access and utilize rapidly 

increases. Data mining, involving the extraction of relevant data from vast datasets and 

discovering meaningful patterns within them, plays a crucial role in this process. The 

primary objective of data mining is to transform extensive datasets into understandable 

structures. A specific subset of data mining is the recommendation system (Patel et al., 

2017). 

Recommendation systems emerged in the mid-1990s but gained significant attention 

following the Netflix Award. Nowadays, these systems are widely used across diverse 

fields, such as movie recommendations (Netflix), book suggestions (Amazon), and music 

selections (Spotify). Given the abundance of choices within these systems and users' 

limited interest in only a tiny fraction of items, recommendation systems are valuable in 

virtually any domain (Zibriczky, 2016). The application of recommendation systems 

extends to various domains, including recommending news, tours, articles, videos, music, 

books, documents, and e-commerce products, as well as e-learning and e-management 

services (Patel et al., 2017). 

Recommendation systems, viewed as software tools and techniques, are designed to 

offer users useful suggestions for items. These recommendations are relevant to various 

decision-making scenarios, including proposing items to buy, movies to watch, music to 

enjoy, or news articles to read. Most recommendation systems are tailored to suit 

different applications, with their primary goal being to offer the most relevant items to 

real users. These systems can suggest items based on a user's history and profile to 

determine if the user prefers a particular item (Patel et al., 2017). 

Recommendation systems generally produce two key outcomes: 

- Assisting users in making decisions (for instance, by offering several suitable 

options). 

- Enhancing users' awareness of their areas of interest by introducing them to 

new items and objects they may not have been aware of before. 

It's important to note that in this context, an "item" refers to something the system 

recommends users to use, and the "user" is the recipient of these recommendations and 

the source of the data needed to generate them. 

Among the various applications of recommender systems, one notable domain is 

finance. The following diagram illustrates the applications of recommendation systems 

across different fields: 
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Figure 1. 

Application of Recommender Systems in Finance 

 
(Source: Researcher's Findings) 

Financial services institutions, including banks, brokerages, family offices, life 

insurance companies, and trusts, offer investment solutions to help clients achieve their 

financial goals. These services typically include advice on investment strategies and 

optional portfolio management, enabling clients to depend on financial market experts to 

manage their portfolios. 

Recommending financial investment strategies is a complex and expertise-driven task. 

Financial advisors must engage in detailed discussions with their affluent clients to 

understand their needs and constraints. They then evaluate multiple options to find the 

most appropriate investment solution that aligns with their clients' goals. 

Today, a crucial aspect of effective financial consulting is getting to know clients and 

providing personalized investment offers. Information technology (IT) investments aim 

to enhance transparency and provide better and timely reporting to customers. However, 

these IT advancements have not significantly impacted the investment decision-making 

process. 

The objective of this study is to explore the applications of recommender systems in 

finance. To achieve this goal, we will delve into the definition of recommender systems, 

examine various types of recommendation methods, and analyze their advantages and 

disadvantages when applied to financial contexts. 
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Initial Questions 

Publication Analysis: 

- How many articles have been published on the application of recommender 

systems in financial institutions over different periods (e.g., years, decades)? 

- Which scientific journals have published the highest number of articles in this 

field? 

- What are the most frequently used keywords and phrases in the titles and 

abstracts of these articles? 

- Has the publication trend in this area increased or decreased over time? 

Geographical and Institutional Analysis: 

- Which countries and institutions have published the highest number of articles 

in this field? 

Methodological Analysis: 

- Have articles been emphasizing specific methods for evaluating and managing 

market risk in financial institutions? 

Objectives 

- Investigating Research Trends: Examining the trends in research on the 

application of recommender systems in finance and identifying whether the 

interest and volume of publications in this area are increasing or decreasing. 

- Identifying Hot Topics: Highlighting the key themes and hot topics currently 

explored in the intersection of recommender systems and finance. 

- Identifying Active Authors and Institutions: Introducing the most prolific authors 

and leading institutions contributing to research in this field. 

- Highlighting Future Research Outlook: Providing an outlook on potential future 

research directions and emerging trends in using recommender systems in 

finance. 

Literature Review 

In the following sections, we will delve into the theoretical literature relevant to the 

research. Before delving into the specific details, it is essential to establish a solid 

understanding of the fundamental concepts related to the topic. To that end, the table 

below presents the most critical definitions of recommendation systems: 

Table 1. 

An Overview of the Definitions of Recommending Systems in Different Theories 

Author(s) Definitions 

(Ricci et al., 

2011) 

Recommendation systems (RS) are software applications and methodologies designed to 

propose items that users can utilize. 
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Author(s) Definitions 

(Park et al., 

2012) 

These systems employ analytical technologies to assess the likelihood that a user will buy 

a product, ensuring that users receive tailored purchase recommendations. 

(De Campos, 

2010) 

Recommender systems try to discover the user's preferences and get information about 

them to predict their needs. Widely, the recommendation system offers specific 

suggestions about items (products or actions) in an area that may interest the user. 

(Jooa et al., 

2016) 

Recommender systems are services that analyze customer data, including user purchase 

data, to recommend the most appropriate product or service. 

(Tatiana & 

Mikhail, 

2018) 

The recommender system is an artificial intelligence algorithm that filters information 

about customer behavior and offers them products. This offer is based on various factors 

such as past purchases, demographic information, search history, and so on. Implementing 

a recommender system has three main approaches: collaborative filtering, content-based 

filtering, and a hybrid recommendation system. 

(Isinkaye et 

al., 2015) 

Recommendation systems solve the problem of additional information that users 

commonly face with personalized recommendations. 

(Patel & Jain, 

2018) 

The recommendation process solves a large part of the additional information that 

customers encounter when ordering by providing personalized recommendations. 

(Bobadilla et 

al., 2018) 

In recommender systems, trust or reliability is defined as: "How confident are you that the 

recommender systems provide the right advice?" 

(Source: Researcher's Findings) 

 

The following table categorizes different methods of recommending systems: 

Table 2. 

Types of Recommender Systems Methods 

Methods Description Article(s) 

Data web mining 

& information 

fusion 

Web data mining involves discovering patterns within vast datasets 

that can be applied in numerous areas such as interactive group 

recommendations, decision-making, group data mining, social data 

filtering, personalization, taxi route management, and selecting TV 

programs. Information synthesis is the process of combining data to 

generate new insights. This study concentrates on merging item 

clusters with social connections, decision-making groups, adaptive 

frameworks, knowledge sharing, and multivariate hybrid groups, 

among other aspects. 

(Yu et al., 2008), 

 (Qian et al., 2019), 

(Moreno et al., 2016) 

content-based 

filtering 

This method suggests items based on recommendations for similar 

products that the user has previously liked, including fostering 

group behavior, enhancing group learning, identifying topics, 

fostering trust within groups, and leveraging social networks. 

(Salter & 

Antonopoulos, 2006), 

(Van Meteren & Van 

Someren, 2000), (Lops 

et al., 2011),(Blanco-

Fernandez et al., 2008) 

Collaborative 

filtering 

This recommendation system offers suggestions based on shared 

preferences among users, incorporating aspects such as customer 

profile modeling, user engagement, social interactions, e-commerce 

platforms, TV and music content, group trust models, and group 

tagging. 

(Herlocker et al., 

2004), (Schafer et al., 

2007), (Ekstrand et al., 

2011), (Luo et al., 

2012) 

Context-based 

filtering 

Content-based recommendation systems operate on contextual 

(textual) data, including factors like time of day, weather forecasts, 

and predictions of rain, among others. They also encompass group 

recommendations, targeted suggestions, e-commerce, social 

networks, and more. 

(Baltrunas & Ricci 

2009), (Liu et al., 

2015) 
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Methods Description Article(s) 

Semantic-based 

These web recommender systems are classified as ontological. 

Group recommendation systems exhibit behavior aligned with 

semantic methods, including trust management, social interactions 

within groups, multidimensional groups, group decision-making, 

group goal recommendations, and hybrid groups. 

(Wang et al., 2014), 

(Fernández-Tobías et 

al., 2011) 

Community 

filtering based 

Recommendation systems utilizing this method offer suggestions to 

users as well as their close friends. It focuses on trust groups, travel 

groups, social networking groups, and collaborative groups. 

(Reddy et al., 2002), 

(Kamahara et al., 

2005) 

Tagged Filtering 

Group-based tag recommendation systems involve keywords 

related to activities or attributes associated with a photo, video, or 

article. This approach benefits users by enhancing the relevance of 

recommendations. This research emphasizes group segmentation, 

tagging behavior, trust in group tags, tagged images, and social 

networking groups. 

(Tso-Sutter et al., 

2008), (Liang et al., 

2008), (Kim et al., 

2010), (Ji et al., 2007) 

Sentiment 

analysis 

Emotion analysis methods leverage social factors to evaluate 

recommendation systems, focusing on group patterns, social 

networks, and trust within groups. 

(Krishna et al., 2013), 

(Koukourikos et al., 

2012), (Alahmadi et 

al., 2015) 

Hybrid filtering 

Hybrid recommendation systems integrate the various approaches 

mentioned earlier. Group recommendation systems enhance 

suggestions by incorporating elements such as social networking 

within groups, content-based grouping, group learning, and 

techniques related to data mining, clustering, labeling, and group 

modeling. 

(Ghazanfar & Prugel-

Bennett, 2010), 

(Bellogín et al., 2013) 

 

Demographic-

based 

Demographic characteristics, such as gender and age, play a crucial 

role in personal recommendations. In group recommendation 

systems, researchers have employed various methods, including 

travel groups, social networks, proposed objectives for groups, and 

collective decision-making. 

(Zhao et al., 2014), 

(Safoury & Salah, 

2013). 

Group models 

Group recommendation modeling seeks to forecast the ranking and 

behavior of particular groups using a structured approach. Several 

researchers have utilized this method in developing group 

recommendation systems (GRS), emphasizing group behavior, trust 

models, personalization, collective decision-making, mobile social 

networks, and influential groups. 

(Masthoff, 2011), (Kim 

& Kim, 2001), 

(Cantador & Castells, 

2012), (McCarthy et 

al., 2006). 

Group filtering 

In this method, the recommendation system generates suggestions 

by analyzing a panel of individuals with similar or targeted interests. 

Group recommendation systems (GRS) provide guidance on various 

factors, including group behavior, collective memory, group 

interactions, content-based groups, social data, and 

recommendations for TV shows and music. 

(Ghazarian & 

Nematbakhsh, 2015), 

(Wang et al., 2016) 

(Source: Researcher's Findings) 

Methodology 

In this study, we utilize the bibliometric method to investigate the research landscape on 

the use of recommendation systems in finance. The process of the bibliometric method is 

outlined by Börner, Chen, and Boyack (2003). According to Zupic and Čater (2015), the 

general science mapping workflow, introduced by Börner et al. (2003), includes five key 

stages: 

1. Study Design 
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2. Data Collection 

3. Data Analysis 

4. Data Visualization 

5. Interpretation 

In the study design phase, researchers develop their research question(s) and select 

appropriate bibliographic methods to address these inquiries. Bibliometrics can be used 

to address three major concerns in mapping science: 

1. Determining the foundational knowledge and intellectual framework of a specific 

subject or research area. 

2. Investigating the breadth and conceptual framework of research related to a 

particular topic or field. 

3. Constructing a social network structure within a specific scientific community. 

The primary question guiding this research is twofold: What are the potential 

applications of recommender systems in finance, and what research has already been 

conducted in this domain? Additionally, the study seeks to identify the challenges faced 

when applying recommender systems in the finance sector. 

The steps involved in using science mapping to explore the application of 

recommender systems in finance include: 

Figure 2.  

Bibliometrix and the Recommended Science Mapping Workflow 

 
(Source: Researcher's Findings) 

According to the above figure, the science mapping process involves the following 

three key stages: data collection, data analysis, and data visualization. These stages are 

further explained below: 

Data collection comprises three steps. Firstly, data retrieval is conducted. Numerous 

online bibliographic databases serve as valuable resources for bibliographic data, such as 

(Cobo et al., 2011): 
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- Clarivate Analytics Web of Science (WoS) (http://www.webofknowledge.com) 

- Scopus (http://www.scopus.com) 

- Google Scholar (http://scholar.google.com) 

- Science Direct (http://www.sciencedirect.com/) 

Given the vast amount of research on recommendation systems, we focus on 

understand their application in finance. For this purpose, a search was performed using 

the keyword "recommendation system + finance" in the Scopus database on February 23, 

2024. The bibliometrix package in R software was utilized to extract the following results. 

Figure 3.  

Map of Keywords Used in Articles 

 
(Source: Researcher's Findings) 

Findings 

Table 3 shows the descriptive statistics of research conducted on financial 

recommendation systems. 

Table 3. 

Descriptive Statistics of Research Conducted on Financial Recommendation Systems 

Description Results 

Main Information About Data  

Timespan 2000:2024 

Sources (Journals, Books, etc) 132 

Documents 190 

Annual Growth Rate % 5.95 

Document Average Age 5.13 

Average citations per doc 21.63 

References 0 
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Description Results 

Document Contents  

Keywords Plus (ID) 1415 

Author's Keywords (DE) 630 

Authors  

Authors 594 

Authors of single-authored docs 15 

Authors Collaboration  

Single-authored docs 15 

Co-Authors per Doc 3.44 

International co-authorships % 13.68 

Document Types  

article 53 

article conference paper 1 

book 3 

book chapter 5 

conference paper 122 

review 6 

(Source: Researcher's Findings) 

According to Table (3), 132 studies have been conducted by 594 authors on financial 

recommendation systems, of which 53 are articles. 

Figure 4. 

Annual Scientific Production 

 
(Source: Researcher's Findings) 

 

According to the above figure, the research peak is observed from 2015 to 2023. 
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Figure 5.  

Financial Network, Relationship between Countries, Keywords and Research Topics 

 
(Source: Researcher's Findings) 

In this network, the relationship between countries, keywords, and titles is presented 

with the keywords on the left side, titles in the middle, and the authors of the top studies 

on the right side.  

Figure 6.  

Conceptual Map and Keyword Clusters  

 

(Source: Researcher's Findings) 

Based on Figure 7, China, India, and Spain have conducted the most research in this 

field. 
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Figure 7. 

Corresponding Author's Countries 

 
(Source: Researcher's Findings) 

 
Figure 8.  

Thematic Evolution 

 
(Source: Researcher's Findings) 

Figure 8 illustrates the thematic progression of financial services research from 2000 

to 2024. The visualization shows a shift in focus from knowledge-based systems and 

conventional financial services to adopting AI, machine learning, and data-driven 

methodologies. The interconnection of these themes highlights the complex interaction 

between technological innovations and regulatory changes shaping the evolution of the 

field. 
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The following table provides an overview of the most important research conducted 

on financial recommender systems: 

Table 4. 

Review of Research 

Authors Results 

(Mhanga & Berg, 

2019) 

This study aims to review and retest Swedish Robo counseling from 2010 to 2019. The 

collected data is examined through a correlation test to ensure that it accurately 

represents the robo Consulting's portfolio and performance. 

(Vismayaa et al., 

2019) 

This study seeks to introduce a stock trading recommendation system based on a 

classifier that uses historical stock price data and technical indicators as input. 

(Tertilt & Scholz, 

2018) 

This study compares seven German Robo consultations with the top six consultants 

from the United Kingdom and the United States. First, various web-based risk 

assessment questionnaires are reviewed. The algorithm then automatically tests all or 

a range of possible responses and stores the risk profile. This allows for in-depth 

analysis of risk profiles and comparison of recommended profiles through Robo 

Consulting. 

(Zheng et al., 

2019) 

Based on the assumptions of the effect of stock transfers on the China Stock Exchange, 

this study uses the collaborative filtering technique to build a stock forecasting 

algorithm, which is a new stock recommendation technique. This algorithm leads to 

high profitability with average annual returns. 

(Patel, 2019) 
This research proposes a model that presents a stock recommendation model for 

making a profit through the analysis of electronic social networks. 

(Gonard, 2018) 

This research focuses on the cold start, a situation in which no information is available 

from the user to recommend based on it. Cold start is one of the challenges of 

recommending systems. 

(Almahdi & Yang, 

2019) 

This research presents a trading system for a portfolio that creates both buying and 

selling signals and counters portfolio constraints. 

(De Rossi et al., 

2019) 

The study aims to provide administrators with a new tool to help them limit the stock 

list so that they can accurately analyze it. 

(Chen et al., 2019) 
In this research, the intrinsic characteristics of stocks are extracted to predict the stock 

trend better. 

(Paranjape-

Voditel & 

Deshpande, 2013) 

This study presents a stock market portfolio recommendation system based on 

association rules, which examines stock data to generate a ranked list of stock 

portfolios. 

(Bag & Kulkarni, 

2017) 

This article focuses on forecasting stock price trends using online text news. Textual 

features are extracted through news sites, and recommendations are generated based 

on interpretations. 

(Al-Naymat et al., 

2018) 

This article presents a new methodological framework for pair trading strategies, 

emphasizing exploration and monitoring, which identifies the optimal pairs for profit 

at the right time. The framework includes a system that alerts traders at appropriate 

moments based on the strategy. Business strategies can be employed to identify specific 

market patterns. The pair trading strategy focuses on selecting pairs of assets that 

exhibit co-movement to generate profits. 

(Musto et al., 

2015) 

This paper presents a framework for recommending asset allocation strategies that 

integrate reasoning with innovative diversification techniques to assist financial 

advisors in creating diversified and personalized investment portfolios. The 

framework's performance was assessed based on the experiences of 1,172 actual users, 

revealing that the returns from the recommended portfolios generally surpassed those 

provided by human consultants across most experimental scenarios while also 

accounting for the preferred risk levels of the portfolios. Additionally, the 

diversification strategy demonstrated encouraging results in terms of diversity and 

average performance. 
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Authors Results 

(Zibriczky, 2016) 
This article examines the use of recommendation systems across various financial 

domains, aiming to enhance the development of such systems in different sectors. 

(Xue et al., 2018) 

This paper presents a group recommendation model that utilizes financial social 

networks and collaborative filtering techniques. Unlike recent personalized advisory 

systems, this model considers not only individual investors’ assets and risk preferences 

but also the social connections and collective risk profiles within groups. Experimental 

results from benchmark datasets and real-world scenarios show that the proposed 

algorithm surpasses existing methods in both tasks. 

(Zarei et al., 2023) 

This research uses a bibliometric approach to examines the application of 

recommendation systems in the evolution of Robo Advisors. It systematically reviews 

empirical studies in this field, underscores the importance of Robo Advisors in finance, 

and proposes a framework tailored for Iran. 

(Source: Researcher's Findings) 

Application of Recommender Systems in Finance 

Table 5. 

Application of Recommender Systems in Finance 

Application Research 

Recommended system in crowdfunding 

(Zhang et al., 2019), (Rakesh et al., 2016), (Li et al., 2020), 

(An et al., 2014), (Li et al., 2020), (Gera & Kaur, 2018), 

(Benin, 2018) 

Recommended system in p2p lending 

(Bhaskar & Subramanian, 2011), (Zhao et al., 2014), (Ren & 

Malik, 2019), (Zhao et al., 2016), (Babaei & Bamdad, 2020), 

(Zhang et al., 2019), (Chai et al., 2019) 

Recommendation system for credit (Saladin et al., 1993), (Wang et al., 2018) 

Stock portfolio recommender system 

(Paranjape-Voditel & Deshpande, 2013), (Hegde et al., 

2018), (Nair & Mohandas, 2015), (Paranjape-Voditel & 

Deshpande, 2011), (Vismayaa et al., 2020), (Sayyed et al., 

(n.d.)), (Sun et al., 2018), (De Rossi et al., 2019), 

(Nourahmadi et al., 2024) 

Recommendation system in stock clustering (Nair et al., 2017), (Hegde et al., 2018) 

Bank recommendation system 

(Hernández-Nieves et al., 2020), (Gallego & Huecas, 2012), 

(Asosheha et al., 2008), (Gigli et al., 2017), (Oyebode & Orji, 

2020), (Tangphoklang et al., 2010), (Abdollahpouri & 

Abdollahpouri, 2013) 

Real Estate recommendation system 

(Alrawhani et al., 2016), (Yuan et al., 2013), (Ginevičius et 

al., 2011), (Rehman et al., 2019), (Zhang et al., 2019),  

(Daly et al., 2014) 

recommendation system in wealth 

management 
(Musto et al., 2015) 

Blockchain 

(Frey et al., 2016), (Wang et al., 2019), (Arora et al., 2020), 

(Porkodi & Kesavaraja, 2020), (Bosri et al., 2020),  

(Bhardwaj & Datta, 2020) 

Insurance recommendation system 

(Abbas et al., 2015), (Hinduja & Pandey, 2017), (Qazi et al., 

2017), (Mitra et al., 2014), (Lesage et al., 2020), (Qazi et al., 

2020), (Bi et al., 2020), (Kanchinadam et al., 2018), (Atauchi 

et al., 2019), (Rokach et al., 2013) 

Fintech and recommendation system (Hernández et al., 2018), (Nieves, 2020) 

(Source: Researcher's Findings) 
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Challenges of Recommender Systems 

The following table examines the challenges of recommending systems: 

Table 6. 

Challenges of Recommender Systems 

Author(s) Definition Problem 

(Rashid et al., 2002) 

The recommendation system primarily relies on users’ interests 

and profiles. Over time, users’ preferences and settings evolve, and 

adapting to these changes is one of the key challenges of 

recommendation systems. 

Change user 

preference 

(Chen et al., 2011), 

(Sarwar, 2001), (Jain et 

al., 2015) 

With a vast number of users and items available, users generally 

only rate a small subset of items. Recommendation system 

techniques strive to develop profiles that reflect user preferences. 

However, when a user has rated only a few items, it becomes 

difficult to accurately assess their preferences resulting in 

suboptimal recommendations. This challenge, known as 

dispersion, stems from insufficient data. 

Sparsity 

(Sarwar, 2001), 

(Sarwar et al., 2000), 

(Ghazanfar & Prugel-

Bennett, 2010), (Jain et 

al., 2015) 

As the number of users and items increases, the system needs 

more resources to process the data and provide accurate 

recommendations efficiently. 

Scalability 

(Sarwar et al., 2000) 

Since closely related items have similar names and descriptions, 

many recommendation systems struggle to differentiate between 

them for example, differentiating “baby clothes” from “children's 

clothes.” 

Synonymy 

(Ramakrishnan et al., 

2001), (Jeckmans et al., 

2013), (Jain et al., 2015) 

To provide the most accurate and reliable recommendations, 

systems need to gather extensive information from the user, 

including demographic data and other relevant details. 

Privacy 

(Karimi et al., 2018), 

(Lika et al., 2014), (Jain 

et al., 2015) 

Cold start, a prevalent issue in many recommendation system 

applications, refers to having limited information about a user's 

preferences for generating recommendations. Item cold start 

refers to the introduction of a new item (e.g., an article) that users 

have not yet reviewed. This challenge is often associated with data 

sparsity, which primarily affects participatory filtering approaches. 

Cold start 

(Source: Researcher's Findings) 

Discussion and Conclusion 

With the rapid pace of technological advancements, the daily generation of large volumes 

of structured, semi-structured, and unstructured data from various sources has become 

commonplace. Hidden within this data are shared patterns that, when properly analyzed, 

can produce highly personalized recommendations. Recommender systems, pivotal in 

industries ranging from entertainment to retail, are increasingly relevant in the financial 

domain, where they provide tailored insights and solutions for both investors and service 

providers. 

This study leveraged bibliometric analysis to explore the landscape of recommender 

systems within finance systematically. By examining the key research contributions in 

this field, we highlighted the evolution, methodologies, and applications of these systems. 
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Our findings reveal the transformative potential of recommender systems to optimize 

decision-making processes, enhance client engagement, and drive more informed 

financial strategies. 

We have also outlined the challenges in implementing these systems, particularly 

within the financial sector's complex and regulated environment. Nonetheless, the 

potential for recommender systems to innovate and bring efficiency to financial services 

remains vast. 

Future research should concentrate on enhancing the practical use of these systems by 

applying advanced data analytics, machine learning, and AI techniques. This will enable 

recommender systems to better adapt to the ever-changing financial markets, delivering 

more precise and actionable recommendations. Ongoing innovation in this field has the 

potential to transform the operations of financial institutions, offering significant 

advantages to both users and providers. 

In conclusion, recommender systems in finance are not just tools but strategic assets 

capable of transforming user experiences and decision-making processes. With sustained 

research and development, their role will only grow, offering richer insights and more 

personalized financial solutions in the coming years. 

Drawing on the findings of this study and the analysis of recommender systems in the 

financial sector, we put forward several suggestions for future research and practical 

application: 

- Development of Smarter Models Using Deep Learning and AI: Given the 

complexity and vast amount of financial data, the integration of deep learning and 

AI algorithms can enhance the accuracy and efficiency of recommender systems. 

Future studies should focus on exploring these advanced techniques to build 

more intelligent and adaptive systems. 

- Improvement of Data Quality and Preprocessing Techniques: High-quality data is 

crucial for the effectiveness of recommender systems. Researchers should 

develop more sophisticated data preprocessing methods to handle missing, 

noisy, and unstructured data in the financial sector, often presenting unique 

challenges. 

- Applying Hybrid Recommender Systems: Combining different recommendation 

approaches, such as collaborative filtering, content-based filtering, and 

knowledge-based systems, can improve the robustness and flexibility of financial 

recommender systems. Future research should explore hybrid models to provide 

more accurate and diversified recommendations. 

- Addressing Privacy and Ethical Concerns: As financial data is highly sensitive, 

ensuring user privacy and addressing ethical concerns in the development and 

application of recommender systems is vital. Future studies should investigate 

ways to protect data while maintaining the system’s performance, including 

using privacy-preserving algorithms. 
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- Applying Real-Time Recommendation Systems: Financial markets are dynamic 

and time-sensitive. Developing real-time recommender systems that can analyze 

streaming data and provide timely recommendations is crucial for applications 

such as stock trading and investment advice. This area requires further 

exploration and innovation. 

- Customization and Personalization: As financial needs and goals vary greatly 

among individuals, future research should focus on enhancing the 

personalization of recommender systems. Developing more customized 

solutions that adapt to user preferences and risk profiles will increase the 

system’s effectiveness and user satisfaction. 

- Performing Cross-Disciplinary Research: Promoting collaboration between 

financial specialists, data scientists, and technology experts can drive the creation 

of more sophisticated and practical recommender systems. Future research 

should embrace a multidisciplinary approach to tackle the complexities of the 

financial sector effectively.  

By implementing these recommendations, financial recommender systems can 

progress further, providing more innovative, dependable, and personalized solutions that 

cater to the needs of both users and financial institutions. 
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