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SYSTEMATIC REVIEW  

ABSTRACT 

A lack of personal financial planning and knowledge about how to manage money are among 

the factors that contribute to citizens’ indebtedness. This study investigates how machine 
learning-based artificial intelligence has been applied in recommender systems to support 

financial education and financial health. A systematic literature review was conducted using 

PRISMA-informed procedures, with research questions structured according to Population, 

Intervention, Comparison, Outcome, and Context. Eligible studies applied machine learning to 

personalized recommendation, financial-profile classification, or financial decision support for 

individuals, incorporated at least one interpretability, explainability, or process-transparency 

mechanism, and were published in English, Portuguese, or Spanish between 2021 and 23 July 

2026. Five databases were searched on 23 July 2026, yielding 139 records, of which 11 studies 

were included after deduplication and screening. Methodological quality was assessed using 

a nine-item framework addressing objective clarity, dataset and validation description, real-

user evaluation, and reproducibility. Findings were narratively synthesized across nine 

research questions because heterogeneous designs and metrics precluded meta-analysis. 

Included studies primarily employed tree-based and ensemble models, clustering, and time-

series techniques, supported by feature-attribution methods, local explanations, Integrated 

Gradients, interpretable models, or natural-language justifications. Quality appraisal revealed 

limited real-user evaluation and reproducibility. No controlled experiments compared 

identical systems with and without explanations; therefore, current evidence does not 

establish that explanations alone improve user understanding, trust, decision quality, or 

financial behavior. Future research should prioritize longitudinal, real-user evaluation of 

explainable financial recommender systems. The review protocol was not publicly registered. 

Keywords: explainable artificial intelligence, financial education, financial health, 

interpretability, machine learning, personal finance, recommender systems. 
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Inteligência artificial baseada em aprendizado de máquina 

em sistemas de recomendação para apoiar a educação 

financeira: uma revisão sistemática 

RESUMO 

A falta de planejamento financeiro pessoal e de conhecimento sobre como administrar o 

dinheiro está entre os fatores que contribuem para o endividamento dos cidadãos. Este 

estudo investiga como a inteligência artificial baseada em aprendizado de máquina tem sido 

aplicada em sistemas de recomendação para apoiar a educação financeira e a saúde 

financeira. Foi realizada uma revisão sistemática da literatura com procedimentos orientados 

pelo PRISMA, e as questões de pesquisa foram estruturadas segundo População, Intervenção, 

Comparação, Resultado e Contexto (PICOC). Foram elegíveis estudos que aplicaram 

aprendizado de máquina à recomendação personalizada, à classificação de perfis financeiros 

ou ao apoio à decisão financeira de indivíduos, que incorporaram ao menos um mecanismo 

de interpretabilidade, explicabilidade ou transparência do processo e que foram publicados 

em inglês, português ou espanhol entre 2021 e 23 de julho de 2026. Cinco bases foram 

pesquisadas em 23 de julho de 2026, resultando em 139 registros, dos quais 11 estudos foram 

incluídos após deduplicação e triagem. A qualidade metodológica foi avaliada por um 

instrumento de nove itens que abrange a clareza do objetivo, a descrição dos dados e da 

validação, a avaliação com usuários reais e a reprodutibilidade. Como a heterogeneidade dos 

desenhos e das métricas impediu a metanálise, os achados foram sintetizados narrativamente 

em nove questões de pesquisa. Os estudos incluídos empregaram principalmente modelos 

baseados em árvores e ensembles, técnicas de agrupamento e de séries temporais, apoiados 

por métodos de atribuição de características, explicações locais, Integrated Gradients, 

modelos interpretáveis ou justificativas em linguagem natural. A avaliação de qualidade 

revelou limitações na avaliação com usuários reais e na reprodutibilidade. Nenhum 

experimento controlado comparou sistemas idênticos com e sem explicações; portanto, as 

evidências atuais não permitem afirmar que explicações, isoladamente, melhorem a 

compreensão, a confiança, a qualidade da decisão ou o comportamento financeiro dos 

usuários. Pesquisas futuras devem priorizar avaliações longitudinais, com usuários reais, de 

sistemas de recomendação financeira explicáveis. O protocolo da revisão não foi registrado 

publicamente. 

Palavras-chave: inteligência artificial explicável, educação financeira, saúde financeira, 

interpretabilidade, aprendizado de máquina, finanças pessoais, sistemas de recomendação. 
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1 INTRODUCTION 

1.1 Context and Motivation 

The lack of personal financial planning and knowledge about how to manage money are 

among the factors that contribute to indebtedness. In Brazil, this situation has also come to 

be treated as a social problem, leading to the enactment of Law No. 14,181/2021, aimed at 

the prevention and treatment of over-indebtedness [1]. The scale of this problem can be 

observed in data from the Consumer Indebtedness and Default Survey (PEIC), conducted 

monthly by the Brazilian National Confederation of Commerce in Goods, Services and Tourism 

(CNC). The survey is conducted in all Brazilian state capitals and in the Federal District, with 

approximately 18,000 consumers, and monitors indicators related to indebtedness, payment 

delinquency, the share of income committed to debt, and perceived repayment capacity [2]. 

According to the July 2026 PEIC, 82.0% of households had outstanding debts, representing the 

highest level in the historical series reported. Considering the period from July 2025 to July 

2026, the percentage of indebted households increased from 78.5% to 82.0%. Over the same 

period, households with overdue debts remained close to 30%, while those reporting that 

they were unable to pay their overdue debts remained around 12% [2]. Table 1 presents this 

trend over the 13 months considered in this study. 

As consumer credit becomes increasingly important, monitoring these indicators is relevant 

not only to understanding household consumption capacity, but also to understanding how 

individuals manage their own finances. In addition, these indicators provide an important 

perspective on financial education in the country. A lack of financial education can contribute 

to inappropriate decisions that lead to indebtedness; however, it does not by itself explain 

financial behavior. Behavioral and psychological factors are also related to how each person 

relates to money. Among these are so-called money scripts, which represent beliefs about 

money that can influence financial decisions and behaviors [3]. Thus, providing information is 

important, but may not be sufficient. For financial health to improve, information must be 

understood and transformed into decisions and, subsequently, into behavior. 

Another motivating aspect of this research is the Sustainable Development Goals (SDGs), 

particularly SDG 1 (No Poverty), SDG 4 (Quality Education), SDG 8 (Decent Work and Economic 
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Growth), and SDG 10 (Reduced Inequalities) [4]. Although these goals are broad, they are all 

related to economic conditions, access to information, and the ability to make informed 

decisions that contribute to a more stable financial life. In this context, computational 

solutions capable of identifying levels of financial maturity, recognizing risk patterns, making 

forecasts, and presenting personalized recommendations may support users in managing 

their own finances. 

The use of machine learning in personal finance, however, raises an important issue: high 

model accuracy is not sufficient if the person receiving the recommendation cannot 

understand why it was generated or what action should be taken based on it. For this reason, 

this review does not analyze only the algorithms employed. It also considers interpretability 

and explainability mechanisms, how recommendations are delivered to users, and the 

outcomes evaluated in the studies, particularly when related to learning, trust, transparency, 

or behavioral change. 

Against this background, the objective of this systematic review is to identify how machine 

learning-based artificial intelligence has been used in recommender systems, in the 

classification of financial maturity levels, and in support of improved financial health. The 

analysis examines which problems are addressed, which data and variables are used, which 

machine learning models appear most frequently, how recommendations are generated, 

which mechanisms make these decisions more understandable, and whether the studies 

evaluate any educational or behavioral effects. Nine research questions were defined to 

organize this analysis. 

1.2 Related Reviews and Review Gap 

Several recent reviews are close to the problem investigated in this study, but they adopt 

different scopes. Gharde et al. [5] review artificial intelligence-supported Personal Finance 

Manager (PFM) applications, focusing on budgeting, expense tracking, decision-making, and 

the use of conversational interfaces. In addition to the review, the authors present a case 

study involving a Telegram-based financial assistant. Although the study discusses 

personalization, transparency, security, and ethical aspects, its analysis is directed toward the 

evolution and general characteristics of PFM applications, without specifically examining how 
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explainability mechanisms relate to recommendations and to educational or behavioral 

outcomes obtained by users. 

Jain et al. [6] analyze 20 studies on personal-finance systems published in 2023 and 2024 and 

synthesize the use of artificial intelligence, machine learning, deep learning, natural language 

processing, and reinforcement learning in tasks such as budget forecasting and expense 

categorization. The review also points to limitations related to privacy, generalization across 

different populations, interpretability of complex models, and stability of adaptive systems. 

Its focus, however, remains on organizing the techniques, the machine learning pipeline, and 

implementation challenges, rather than on the relationship among explainable 

recommendation, financial education, and the effect of guidance on user behavior. 

Another perspective is presented by Anitha et al. [7], who conduct a systematic review of 

integrated personal-finance management interfaces. The study discusses multimodal 

dashboards, integration of different financial domains, machine learning techniques, 

visualization, and user experience. The gaps identified include fragmented solutions, limited 

investigation of cognitive load, and the lack of longitudinal assessments of behavior and 

engagement. Despite its proximity to the personal-finance domain, the scope is centered on 

data and interface integration rather than on a joint analysis of recommendation models, 

explainability mechanisms, and their possible educational effects. 

In the field of financial education, Olasiuk et al. [8] analyze 1,303 articles published between 

2002 and 2022 using bibliometric analysis and topic modeling. The authors identify four major 

themes: financial literacy and financial planning, financial education, technology, and financial 

behavior. This mapping helps explain the evolution of the field and its growing relationship 

with digital technologies, but recommender systems and the explainability of decisions 

produced by machine learning models are not the focus of the study. 

Explainability in the financial sector is addressed more directly by Černevičienė and 

Kabašinskas [9]. Their systematic review brings together 138 studies published between 2005 

and 2022 and classifies financial applications that use explainable artificial intelligence (XAI), 

the methods employed, and the challenges that remain. The most recurrent applications are 

related to credit management, stock-price forecasting, and fraud detection, while SHapley 

Additive exPlanations (SHAP), feature importance, and rule-based methods are among the 
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most frequently used explanation approaches. The review is an important reference for 

understanding the use of XAI in finance, but its scope is broad and predominantly oriented 

toward financial and institutional tasks rather than personal-finance systems focused on 

financial education and user financial health. 

Wagner [10], in turn, reviews 97 publications on the determinants of conventional and digital 

investment-advisory decisions, including robo-advisors. The study compares the factors 

considered in both forms of advisory and discusses the growing use of algorithms, machine 

learning, and artificial intelligence in this context. Its contribution is directly related to financial 

recommendation; however, the domain is investment advisory, whereas the present review 

excludes studies devoted exclusively to the recommendation, selection, or management of 

investment assets and products. 

Taken together, these reviews show that relevant syntheses already exist on artificial 

intelligence in personal-finance applications, financial-management interfaces, financial 

literacy, XAI in the financial sector, and digital advisory. However, among the secondary 

studies examined, no review was identified that combines, within the same scope, personal 

finance, machine learning, recommendation strategies, interpretability or explainability 

mechanisms, and the evaluation of outcomes related to financial education, understanding, 

trust, decision-making, or behavioral change. The present review is positioned at this 

intersection. Its purpose is not only to identify which models and techniques are used, but 

also to examine how recommendations are constructed and explained to users and what 

evidence exists that these solutions actually contribute to their financial education or financial 

health. 

The related reviews presented in this section are used to position this study within the existing 

literature and are not part of the set of 11 primary studies synthesized in the research 

questions. This separation is consistent with exclusion criterion EC2, which removes secondary 

studies, reviews, and surveys from the set submitted to the main synthesis. 

1.3 Research Problem and Objective 

The central question of this review is to understand how machine learning-based artificial 

intelligence has been used in recommender systems to support financial education and 

improve citizens' financial health. 
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Based on this question, the review seeks to synthesize how the studies combine machine 

learning, recommendation, and interpretability/explainability mechanisms in personal-

finance applications, as well as to examine the reported evidence regarding financial 

education, financial health, and effects on users. 

1.4 Contributions of the Review 

This review seeks to provide an integrated view of the topic by relating the personal-finance 

problems addressed by the studies to the ways in which users' financial profiles are 

represented, the data used, and the machine learning techniques employed. 

It also organizes the different recommendation strategies identified, the contexts in which 

they were implemented and tested, and the mechanisms used to make classifications and 

recommendations more understandable. 

By bringing these dimensions together, the analysis makes it possible to observe how 

explanations reach users and the extent to which the studies compare models, traditional 

methods, and solutions with or without explainability mechanisms. 

A particularly important result is the absence, in the analyzed set, of controlled experiments 

comparing the same system with and without an explanation mechanism. Therefore, despite 

the use of SHAP, Local Interpretable Model-agnostic Explanations (LIME), visualizations, rules, 

and natural-language explanations, the selected literature does not yet support the claim that 

the presence of an explanation, by itself, improves user understanding, trust, decision quality, 

or financial behavior. The review also identifies recurring limitations in empirical validation 

and study reproducibility. 

1.5 Organization of the Article 

The synthesis presented in the following sections considers only the studies that met the 

criteria defined in the protocol. The remainder of this article is organized as follows: Section 2 

describes the review protocol and method; Section 2I presents the results and answers the 

nine research questions; Section 4 discusses patterns and gaps; Section 5 presents threats to 

validity; and Section 6 concludes the study. 
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2 REVIEW PROTOCOL AND METHODOLOGY 

2.1 Review Design and PRISMA Guidelines 

The review was conducted according to the stages defined in the protocol and organized in 

accordance with PRISMA 2020 [11]. The process comprised study identification, duplicate 

removal, screening, attempts to retrieve full texts, eligibility assessment, and definition of the 

final set of articles. Before the selection process began, the research questions and the 

inclusion and exclusion criteria guiding all stages were established. 

The protocol for this review was not prospectively registered in a public repository. 

2.2 PICOC 

The research questions were structured based on PICOC (Population, Intervention, 

Comparison, Outcome, and Context), an approach used to delimit the central elements of the 

review and guide the formulation of the research questions [12]. 

Population: users, citizens, or consumers in the domains of personal finance, financial 

education, financial literacy, financial behavior, and financial health profiles. 

Intervention: interpretable machine learning-based models in recommender systems, 

financial health classification, and support for financial education. 

Comparison: non-interpretable models, traditional recommendation approaches, traditional 

statistical methods, or systems without explainability mechanisms. 

Outcome: financial health profiles, variables and datasets, machine learning techniques, 

recommendation strategies, explainability/interpretability mechanisms, and reported 

outcomes related to learning, trust, transparency, behavioral change, and decision support. 

Context: academic studies written in English, Portuguese, or Spanish, published between 2021 

and 23 July 2026, covering intelligent systems applied to personal finance or financial 

education. 

2.3 Research Questions 

RQ1. Which personal finance problems are addressed by the studies, such as financial 

education, financial health, indebtedness, savings, stability, and financial planning? 
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RQ2. Which profiles, categories of financial knowledge, or categories of financial behavior are 

identified or predicted by the models? 

RQ3. Which types of data, variables, attributes, and datasets are used for financial 

classification or recommendation? 

RQ4. Which machine learning techniques are employed? 

RQ5. Which recommender-system strategies are applied, and in which usage contexts were 

they implemented and tested? 

RQ6. Which explainability or interpretability mechanisms are used to explain classifications or 

recommendations, and at which level of the decision do they operate? 

RQ7. How are recommendations or explanations presented to end users, and which outcomes 

are evaluated, such as learning, trust, transparency, decision-making, or behavioral change? 

RQ8. Which comparisons do the studies make between interpretable and non-interpretable 

models, traditional methods, or systems without explanations? 

RQ9. Which gaps remain regarding empirical validation, algorithm description, application 

context, and evaluation of educational or behavioral impact? 

2.4 Information Sources 

The searches were conducted in the ACM Digital Library, IEEE Xplore, ScienceDirect, 

SpringerLink, and Scopus. The ACM Digital Library was retained in the search report even 

though the strategy retrieved no records (n = 0), so that all sources actually searched remained 

documented. Because each database has its own search rules, the search string had to be 

adapted without changing the three groups of terms defined in the protocol: machine 

learning/explainability, recommendation, and personal finance/financial education. 

2.5 Search Strategy 

ACM Digital Library - Abstract search - (“Explainable AI” OR “Explainable Artificial Intelligence” 

OR “XAI” OR “Interpretable AI” OR “Machine Learning”) AND (“Recommendation System” OR 

“Recommender System” OR “Recommendation Engine”) AND (“Financial Education” OR 

“Financial Literacy” OR “Personal Finance” OR “Financial Behavior” OR “Financial Profile” OR 

“Financial Debt” OR “Financial Competence” OR “Financial Competency”). 
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IEEE Xplore - Metadata search - (“Explainable AI” OR “Explainable Artificial Intelligence” OR 

“XAI” OR “Interpretable AI” OR “Machine Learning” OR “SHAP” OR LIME) AND (“Recommend* 

system*” OR “Recommend* engine*” OR “Personal* recommend*”) AND (“Financial 

education” OR “Financial literacy” OR “Personal finance” OR “Financial behavior” OR 

“Financial profile” OR “Financial competency” OR “Financial classification” OR “Financial well-

Being” OR “Financial health” OR “Financial stability” OR “Financial planning” OR “Financial 

debt” OR “Savings rate”). 

ScienceDirect - Title, abstract, and keyword search - (“Interpretable AI” OR “Explainable 

Artificial Intelligence” OR “Machine Learning”) AND (“Recommendation”) AND (“Financial 

Education” OR “Financial Literacy” OR “Personal Finance” OR “Financial well-Being” OR 

“Financial classification”). 

SpringerLink - Keyword search; content type: Article and Review Article - (“Explainable AI” OR 

“Explainable Artificial Intelligence” OR “XAI” OR “Interpretable AI” OR “Machine Learning” OR 

SHAP OR LIME) AND (“Recommendation system” OR “Recommendation engine” OR 

“Personalized recommendations”) AND (“Financial education” OR “Financial literacy” OR 

“Personal finance” OR “Financial behavior” OR “Financial profile” OR “Financial competency” 

OR “Financial classification” OR “Financial well-Being” OR “Financial health” OR “Financial 

stability” OR “Financial planning” OR “Financial debt” OR “Savings rate”). Conference papers 

were excluded from SpringerLink because institutional access did not provide access to the 

book chapters in which conference papers are indexed on that platform. 

Scopus - Title, abstract, and keyword search; content type: Article and Conference Paper - 

(“Explainable AI” OR “Explainable Artificial Intelligence” OR “XAI” OR “Interpretable AI” OR 

“Machine Learning” OR “SHAP” OR LIME) AND (“Recommend* system*” OR “Recommend* 

engine*” OR “Personal* recommend*”) AND (“Financial education” OR “Financial literacy” OR 

“Personal finance” OR “Financial behavior” OR “Financial profile” OR “Financial competency” 

OR “Financial classification” OR “Financial well-Being” OR “Financial health” OR “Financial 

stability” OR “Financial planning” OR “Financial debt” OR “Savings rate”). 

Table 2 summarizes the information sources, search date, search fields, and number of 

records retrieved from each database. 
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2.6 Eligibility Criteria 

Inclusion and exclusion criteria were established to determine which studies were relevant to 

this review. The criteria were applied both during the preliminary screening (title and abstract) 

and during the full-text review, ensuring consistency and adherence among the selected 

studies. 

2.6.1 Inclusion criteria (IC) 

IC1. Studies applied in at least one of the following domains: personal finance, financial 

education, financial literacy, financial behavior, financial well-being, financial health, or 

classification of individuals' financial profiles. 

IC2. Studies that use machine learning to perform personalized recommendation, financial-

profile classification, or financial decision support for individuals, provided that the model 

output is linked to individualized guidance for the user. 

IC3. Studies that use at least one intrinsically interpretable model, a post-hoc explainability 

method, or a process-transparency mechanism that makes it possible to understand how a 

classification, recommendation, or decision was produced. 

IC4. Studies in which the recommendation, guidance, classification, or explanation is directed 

at individuals, consumers, students, or end users responsible for decisions about their own 

finances. 

IC5. Studies published between 1 January 2021 and 23 July 2026. 

IC6. Full scientific articles published in journals or proceedings of academic conferences, 

congresses, symposia, or workshops and subjected to peer review. 

IC7. The language must be English, Portuguese, or Spanish. 

2.6.2 Exclusion criteria (EC) 

EC1. Full text unavailable through the sources consulted under institutional access. 

EC2. Secondary or tertiary studies, reviews, surveys, or documents that are not full peer-

reviewed scientific articles. 

EC3. Studies focused exclusively on the recommendation, selection, or management of 

financial investment assets and products, even when directed at individuals. 
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EC4. Studies focused only on corporate, institutional, or market contexts, with no direct 

connection to personal finance for individuals. 

For the purposes of this review, the term recommender system was adopted in a functional 

sense. The analysis was not limited to classical item- or product-based RecSys. A study was 

considered recommendation-oriented when the machine learning output directly generated, 

or materially supported, personalized guidance to the user, such as a financial 

recommendation, alert, action plan, nudge, ranked option, or budget-adjustment suggestion. 

Purely predictive models with no connection to individualized guidance for the end user were 

not sufficient to satisfy IC2. 

Three levels of model or recommendation understandability were also distinguished. Intrinsic 

interpretability refers to cases in which the model structure itself makes it possible to follow 

the relationship between inputs and outputs, as in Decision Trees, regression models, or 

explicit rules. Post-hoc explainability corresponds to methods applied after training to explain 

a decision made by more complex models, such as SHAP, LIME, and Integrated Gradients. 

Process transparency, in turn, concerns exposing the path that connects data, model, and 

recommendation through rules, visualizations, clustering criteria, uncertainty, or a calculation 

sequence. To satisfy IC3, at least one of these forms had to be concretely described in the 

study; a generic reference to transparency or responsible AI, without showing how the 

decision or recommendation was produced, was not considered sufficient. 

2.7 Study Selection Process 

All five databases were searched. The ACM Digital Library returned no records, while IEEE 

Xplore returned 37, ScienceDirect 3, Scopus 26, and SpringerLink 73, for a total of 139 records. 

After 15 duplicates were removed, 124 records remained for screening. Of these, 104 were 

excluded and 20 proceeded to full-text retrieval. Three reports could not be retrieved, leaving 

17 articles for eligibility assessment. After full-text reading, six were excluded because they 

did not provide sufficient interpretability, explainability, or process transparency to meet IC3, 

leaving 11 studies. The first author performed title and abstract screening and full-text 

assessment. Ambiguous cases were jointly reviewed by both authors until consensus was 

reached, particularly for decisions related to IC3. The form of understandability that supported 

the inclusion of each study is reported in Table 3; cases requiring greater interpretation are 
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discussed in RQ6. Raveendran et al. [13], for example, was retained on the basis of 

transparency in the recommendation process, with the detailed justification presented in 

RQ6. Fig. 1 shows the selection process. 

 
Figure 1. PRISMA flow diagram of the study selection process. 

2.8 Data Extraction and Synthesis 

The first author extracted the data into a structured spreadsheet for each included article. The 

recorded information included bibliographic data, study objective, domain, target population, 

data type and source, sample size, input variables, the role of machine learning, algorithms 

applied, main model, recommendation approach, interpretability or explainability 

mechanism, output shown to the user, metrics, results, limitations, and the information 

required to answer the research questions. When an item of information allowed more than 

one interpretation, the case was jointly reviewed by both authors until consensus was 

reached, and only information supported by the study text was retained in the spreadsheet. 

Because of the heterogeneity of the tasks, datasets, validation designs, and metrics, the 
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synthesis was descriptive and comparative. No meta-analysis or direct quantitative ranking of 

models was performed because the results were obtained under conditions that do not 

support equivalent numerical aggregation or comparison. 

2.9 Methodological Quality Assessment of the Studies 

In addition to the eligibility criteria, a critical appraisal of the 11 included studies was 

conducted to make the methodological strength of the evidence used in the synthesis explicit. 

PRISMA 2020 [11] recommends that reviews report how risk-of-bias assessment or critical 

appraisal of the included studies was conducted, but it does not prescribe a single instrument 

applicable to every type of research. Because this review includes computational systems, 

prototypes, and experimental studies with different designs, the authors defined a compact 

critical-appraisal framework tailored to the aspects actually examined in the article. This 

framework was used to support the synthesis and is not a validated risk-of-bias scale. 

Nine items were considered: Q1-clarity of the objective; Q2-description of the dataset or 

sample; Q3-description of training and validation; Q4-appropriateness of the metrics; Q5-

description of the recommendation mechanism; Q6-implementation of interpretability, 

explainability, or process transparency; Q7-evaluation with real users; Q8-technical detail 

sufficient to support reproducibility; and Q9-explicit discussion of limitations. Each item was 

classified as Yes (1), Partial (0.5), or No (0). The category “No” indicates that the information 

was not reported with sufficient detail in the article, not that the corresponding step was 

necessarily omitted by the study authors. The appraisal was not used as an exclusion criterion 

or to rank the studies; its purpose was to support interpretation of the strength of the 

evidence. The first author applied the appraisal framework, and ambiguous cases were 

discussed by both authors until consensus was reached. The results are presented in Table 4. 

3 RESULTS 

3.1 Characterization of the Included Studies 

At the end of the selection process, 11 studies were included. The publications are distributed 

between 2021 and 2026, with the highest concentration in 2025 and 2026. Most studies 

present some type of application or prototype, such as dashboards, applications, financial 

assistants, or pipelines that combine analysis, forecasting, and recommendation. This 

indicates that the selected studies are predominantly applied in nature. 
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The appraisal shows greater consistency in the definition of objectives and in the description 

of recommendation mechanisms. Evaluation with real users was the least frequently satisfied 

domain, and the level of detail needed for reproducibility also varied across studies. These 

results reinforce a pattern observed throughout the review: evidence on technical 

performance is stronger than evidence on educational or behavioral effects. 

3.2 RQ1 — Synthesis 

The analysis of the studies made it possible to group personal finance problems into four main 

sets. The first, and most recurrent, is related to day-to-day financial management, including 

budgeting, expense control and forecasting, financial planning, and the definition of spending 

limits [13–19]. In these studies, machine learning is used primarily to analyze the user's 

financial history, identify consumption patterns, and support decisions on how to organize 

available resources. 

A second group focuses on financial health and stability, including savings, indebtedness, 

liquidity, and the ability to maintain a sustainable financial situation over time [13,14,17–22]. 

Within this group, Srinarayani et al. [17] explicitly address financial stability as a classification 

problem, whereas Merza et al. [19] direct their solution toward reducing indebtedness and 

low financial literacy. Other studies use expense forecasting, spending behavior, and savings 

recommendations as mechanisms to support improvement in the user's financial situation 

[13,14,18,22]. 

Financial education and financial behavior also appear prominently, although they are 

generally integrated into recommendation and guidance functionalities rather than treated as 

isolated educational activities [13,17–21,23]. Raveendran et al. [13], for example, relate 

financial well-being to behavioral factors and use personalized interventions and nudges. 

Other studies seek to increase users' understanding of their financial situation through 

recommendations, alerts, or guidance related to spending, savings, and planning [17–21,23]. 

In addition to these more frequent problems, applications addressing specific risks and needs 

in personal finance were identified. Fraud or financial-anomaly detection appears in 

[15,16,18,22]. Studies also include tax planning [20], retirement planning [13,23], investment-

related recommendation or guidance [13,16,19–21,23], and recommendation of financial 

products such as credit cards [16]. 
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Overall, the RQ1 results show that the studies do not treat financial recommendation as an 

isolated function. The solutions combine classification, forecasting, or pattern identification 

with some form of user guidance. Thus, the main problems addressed are related to financial 

organization, spending control, savings, indebtedness, and financial stability, while financial 

education, behavior, and decision support appear as objectives associated with the proposed 

solutions [13–23]. 

3.3 RQ2 — Synthesis 

The RQ2 analysis shows that the studies use different ways of representing the user's financial 

profile. These approaches can be grouped into classification of financial status, risk 

characterization, behavioral segmentation, and personalization based on individual history. 

Therefore, not all studies produce an explicit user category as model output. 

Classification of financial status appears most explicitly in Srinarayani et al. [17], who group 

users into low, moderate, and high financial-stability levels, considering characteristics such 

as savings, liquidity, and financial behavior. In this case, profile identification is a direct output 

of the model and is subsequently used to define recommendations appropriate to the 

identified financial condition. 

Another form of characterization is related to risk and financial preferences. Suganya et al. 

[21] consider attributes such as risk tolerance, level of financial education, and an investment 

preference score. Merza et al. [19] use low, medium, and high risk-tolerance levels associated 

with demographic data, income, savings, debt, and spending behavior. SmartSpend [22] also 

uses low, medium, and high risk ranges; however, in this case, the classification is mainly 

related to transaction risk rather than to an overall classification of the user. 

Behavioral segmentation represents another group identified in the review. Pavithra et al. [18] 

use clustering to identify latent behavioral profiles from spending patterns, allowing users 

with similar behaviors to be organized into microsegments. Raveendran et al. [13] present an 

even more explicit characterization of financial behavior by using personas that combine 

financial knowledge, self-control, attitude toward risk, and need for guidance. Examples 

include intuitive, deliberative, and realistic profiles. Ganta et al. [16] also use behavioral 

profiling, considering income, spending goals, risk appetite, budget constraints, and 

transaction history to adapt recommendations. 
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On the other hand, some studies do not classify the user into a predefined profile or category. 

Tumma et al. [14] use spending patterns, savings, and other indicators to estimate financial 

health and anticipate future conditions. Midellawala et al. [20] use information such as age, 

gender, salary, marital status, and spending habits to make predictions and generate 

personalized guidance. Similarly, Vaduka et al. [23] use financial data and individual 

characteristics to tailor recommendations, but do not provide an explicit classification of users 

into financial knowledge or behavioral categories. 

Deepthi et al. [15] represent a different case because the classification focuses mainly on 

transactions and consumption categories, such as food, rent, and services, as well as the 

distinction between normal behavior and potentially fraudulent transactions. Thus, although 

this information is used to understand financial behavior, the study does not establish an 

overall category of the user's financial profile. 

Overall, RQ2 shows that there is no standardized way of representing financial profiles across 

the analyzed studies. Some works use clearly defined categories, such as stability or risk levels 

[17,19,21], while others identify behavioral patterns or segments [13,16,18]. There are also 

studies in which the profile remains implicit, being constructed from demographic data, 

income, expenses, savings, debt, and transaction history to personalize recommendations 

[14,20,23]. This diversity shows that user characterization can range from an explicit 

classification to a dynamic representation based on financial behavior. 

3.4 RQ3 — Synthesis 

The RQ3 analysis shows considerable diversity both in the types of data used and in the 

sources of the datasets. In general, the studies combine financial, transactional, demographic, 

and behavioral information to perform classification, forecasting, or generate personalized 

recommendations. The most recurrent variables include income, expenses, savings, debt, 

transaction history, and characteristics related to consumption habits [13–23]. 

Personal financial data appear in most of the studies. Income, fixed and variable expenses, 

savings, debt, and investments are used in [14,17,19–21,23]. Some studies also calculate 

indicators derived from this information. Srinarayani et al. [17], for example, use savings rate, 

debt ratio, expense-to-income ratio, and liquidity index to assess financial stability. Suganya 

et al. [21] also use relationships among income, expenses, and savings, together with 
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information on investments and risk tolerance. Merza et al. [19] include the expense-to-

income ratio and monthly spending behavior among the variables used. 

Another important group consists of transactional data, used mainly to identify spending 

patterns, forecast expenses, and detect unusual or fraudulent behavior [15,16,18,22]. In 

addition to transaction amount and date, the studies use information such as merchant, 

purchase category, payment method, location, and spending history. New variables are also 

created from these records, including transaction frequency, day of the week, time, 

seasonality, and deviations from the user's usual behavior [15,18,22]. In SmartSpend [22], for 

example, temporal attributes, the transaction-value z-score relative to the user's history, 

value ranges, and geographic distance are used to support fraud detection and spending-

behavior analysis. 

Demographic and behavioral data also appear as a way of complementing financial 

information. Age, gender, marital status, occupation, location, and number of dependents are 

used in different combinations [13,14,16,19–21,23]. In some studies, this information is 

associated with financial goals, risk tolerance, preferences, consumption habits, and lifestyle 

characteristics. Raveendran et al. [13] broaden this set by using transactional, demographic, 

and psychographic data, life events, interactions through digital channels, and information 

obtained through questionnaires and gamified activities to construct behavioral profiles. 

There is also no single pattern regarding the origin of the datasets. Public datasets, 

transactional data, information provided directly by users, forms, records from financial 

institutions, and synthetic data were identified. Deepthi et al. [15] and Ganta et al. [16], for 

example, use public datasets, including datasets available on Kaggle and IEEE-CIS, combined 

with information from the users themselves. Suganya et al. [21] collect data through Google 

Forms and also use synthetic data generated by GANs. Pavithra et al. [18] employ an expanded 

version of an Indian banking transaction dataset available on Kaggle. 

Differences among the datasets are also reflected in the amount of data available for training 

and evaluation. Merza et al. [19] work with a synthetic set of only 100 users simulated over 

12 months, whereas Srinarayani et al. [17] use more than 20,000 records with 26 attributes. 

At the opposite extreme, SmartSpend [22] uses a public dataset containing approximately 1.29 

million transactions from 983 users. 
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Overall, RQ3 shows that no dataset or set of attributes predominates across the studies. 

Although income, expenses, savings, debt, and transaction history appear frequently, each 

solution selects and combines this information according to the problem it aims to solve. 

Variation in the origin, size, and characteristics of the datasets must also be considered when 

comparing results, because the models are evaluated under substantially different conditions 

[13–23]. 

3.5 RQ4 — Synthesis 

The RQ4 analysis shows that the techniques used can be organized into four main groups: 

tree-based and ensemble-learning models, clustering techniques, time-series models, and 

hybrid approaches. 

Tree-based models appear quite frequently. Random Forest, XGBoost, LightGBM, CatBoost, 

Decision Trees, and AdaBoost are used in different tasks, such as transaction categorization, 

fraud detection, expense forecasting, financial-stability classification, and recommendation 

support [14–16,18,20–23]. Tumma et al. [14], for example, combine XGBoost, LightGBM, 

CatBoost, and Random Forest across different system modules. Deepthi et al. [15] use 

XGBoost and Random Forest mainly for transaction categorization and fraud detection, while 

Ganta et al. [16] employ XGBoost, Random Forest, and XGBRanker. In SmartSpend [22], 

LightGBM is used for both fraud detection and spending forecasting. 

Clustering techniques are used mainly when the objective is to identify groups or patterns of 

financial behavior. Srinarayani et al. [17] evaluate different clustering methods, such as K-

Means, hierarchical clustering, Gaussian Mixture Models, and DBSCAN, with the latter 

achieving the best performance in the study. Pavithra et al. [18] use HDBSCAN to identify 

latent behavioral profiles from spending patterns. Raveendran et al. [13] also use clustering 

and look-alike modeling to form personas and groups of users with similar characteristics. 

Time-series models appear mainly in spending and cash-flow forecasting tasks. ARIMA and 

LSTM are the most recurrent techniques in this group [14,15,18,19,22]. Tumma et al. [14] use 

LSTM and Temporal Convolutional Networks for temporal forecasting. Deepthi et al. [15] 

employ ARIMA and LSTM for budgeting and forecasting. Merza et al. [19] combine ARIMA and 

LSTM in a hybrid model to forecast future spending, while Pavithra et al. [18] also use 

techniques aimed at temporal forecasting and anomaly detection. 
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Finally, several studies adopt hybrid approaches, combining different techniques according to 

the function of each system module. Tumma et al. [14] integrate ensemble learning, deep 

neural networks, time-series models, reinforcement learning, and multitask learning. Suganya 

et al. [21] combine machine learning models with GANs and predefined financial rules. Merza 

et al. [19] combine Isolation Forest, ARIMA, LSTM, and a rule-based recommender system. 

Complementary techniques, such as linear regression, PCA, SVM, autoencoders, natural 

language processing, and language models, also appear depending on each study's proposal 

[15,16,18,20,23]. 

Overall, RQ4 shows that no single technique predominates across all analyzed problems. Tree-

based models are the most recurrent, but they are commonly combined with clustering 

techniques, temporal forecasting, or other methods depending on the task. This pattern 

indicates that many of the analyzed solutions use architectures composed of multiple models, 

each responsible for a specific stage of the classification, forecasting, or recommendation 

process. 

3.6 RQ5 — Synthesis 

The RQ5 analysis shows that recommendation strategies are highly varied and depend on the 

type of financial problem addressed. In general, they can be grouped into rule-based 

recommendations, recommendations derived from profiles or clusters, ranking mechanisms, 

adaptive recommendations, and personalized behavioral interventions. 

Rule-based recommendations appear most clearly in Merza et al. [19], who use a 

recommender system capable of generating action plans related to debt, savings, 

investments, and spending. Recommendations are prioritized using heuristic criteria such as 

urgency, risk alignment, and goal relevance, and were tested as a proof of concept with 

synthetic data from 100 Canadian users. Suganya et al. [21] also combine predefined financial 

rules, such as the 50-30-20 rule, with personalized recommendations generated from machine 

learning. 

Another group uses financial profiles or clusters as the basis for recommending actions. 

Srinarayani et al. [17] generate recommendations after classifying users into different levels 

of financial stability. Users with higher debt and lower savings receive guidance aimed at 

reducing spending and increasing savings, whereas users in a more stable situation receive 
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suggestions related to investments and long-term planning. The system was made available 

through a Streamlit interface, allowing users to enter their data and receive recommendations 

immediately. 

Ranking strategies and profile-to-product matching appear in Ganta et al. [16]. In this study, 

XGBRanker is used to rank credit cards according to users' spending patterns, with the aim of 

presenting the products most compatible with their behavior. The recommendation also uses 

TF-IDF and cosine similarity to relate spending patterns to card features and rewards. Unlike 

several other studies, this work reports manual validation and user-centered testing to verify 

recommendation relevance. 

Adaptive strategies were also identified, in which recommendations can change according to 

forecasts or changes in financial behavior. Tumma et al. [14] use Gradient Boosting to 

generate personalized strategies and reinforcement learning to optimize these 

recommendations. The system aims to reduce unnecessary spending, increase savings, and 

improve financial planning, although the study does not present an evaluation of the impact 

of these recommendations with real users. 

In SmartSpend [22], the budget recommendation is generated from the spending forecast 

produced by the model, replacing fixed rules with a value learned from historical behavior. 

The system was implemented in a personal finance dashboard and temporally validated using 

a walk-forward approach with 50 users. The recommendation is presented together with 

spending history, forecasts for subsequent months, and the final suggested budget value. 

Behavioral interventions are most prominent in Raveendran et al. [13]. The system uses 

personas, behavioral clustering, sentiment analysis, and propensity models to generate 

personalized nudges and actions. The interventions are adapted to the user's profile, goals, 

and life stage and may involve savings, insurance, retirement, and financial planning. The 

article presents operating examples for different personas, but these examples are illustrative 

and do not correspond to an empirical evaluation with real users. 

Other studies adopt recommendations more directly related to spending control and decision 

support. Deepthi et al. [15] use budget alerts, overspending notifications, anomaly detection, 

and a conversational assistant to provide contextualized guidance. Midellawala et al. [20] 

combine shopping recommendations, investment guidance, tax planning, and budgeting in a 
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mobile application. Pavithra et al. [18] use behavioral profiles and context-aware alerts to 

generate savings recommendations and guide users when spending patterns or identified 

risks are detected. Vaduka et al. [23], in contrast, describe personalized recommendations for 

budgeting, debt, investments, and retirement, but do not detail a specific recommender-

system strategy or a clear evaluation context involving end users. 

Overall, RQ5 shows that recommendations are constructed from different mechanisms, such 

as rules, clusters, ranking, forecasts, reinforcement learning, and behavioral profiling [13–23]. 

There is also diversity in implementation contexts, including dashboards, mobile applications, 

Streamlit interfaces, conversational assistants, and modular architectures. However, despite 

several solutions presenting functional prototypes, few studies still evaluate more broadly, 

with real users, whether these recommendations actually improve decision-making or 

produce changes in financial behavior. 

3.7 RQ6 — Synthesis 

The RQ6 analysis shows that the studies do not treat interpretability, explainability, and 

transparency as synonyms. In the synthesis, these concepts were separated according to the 

operational definitions established in the protocol: intrinsic model interpretability, post-hoc 

explainability, and transparency of the recommendation process. This distinction makes it 

possible to identify not only whether a study claims to be explainable, but what can actually 

be understood and at which stage of the decision process this occurs. 

SHAP and LIME appear in more than one study and are used mainly to show which variables 

had the greatest influence on a prediction or classification. Tumma et al. [14] employ SHAP 

and LIME to explain predictions and recommendations, seeking to show users why a particular 

result was generated. Deepthi et al. [15] also use SHAP to make predictions more 

interpretable. In Ganta et al. [16], SHAP and LIME are applied more specifically to the fraud-

detection module, enabling identification of which attributes contributed to classifying a 

transaction as fraudulent. 

Pavithra et al. [18] follow the same line but use LIME and Integrated Gradients to explain alerts 

and recommendations produced by the system. In this case, the objective is to transform the 

model output into a more understandable justification, bringing the explanation closer to the 

decision that will be presented to the user. 
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In other studies, interpretability is associated with the type of model itself. Midellawala et al. 

[20] highlight the use of Decision Trees because they provide clearer decision paths, 

particularly in tasks related to financial planning, spending habits, and investment 

recommendations. Vaduka et al. [23] also treat Linear Regression and Decision Trees as easier-

to-interpret models because they allow relationships among variables and decision paths to 

be observed, although they do not provide specific XAI mechanisms for the more complex 

models used in the study. 

Another approach identified was explanation in natural language. Suganya et al. [21] use 

Llama 3.1 to generate textual justifications for financial recommendations. Instead of 

presenting only a numerical result, the system seeks to explain the reasoning behind the 

recommendation in understandable language, operating directly at the point when the user 

needs to interpret the guidance received. However, the study does not assess the faithfulness 

of these justifications to the model underlying the recommendation. 

Although Suganya et al. [21] incorporate Llama 3.1 to produce natural-language justifications, 

the study was included in this review because its recommendation architecture combines 

machine-learning models with this explanation layer. The isolated use of generative AI was 

not adopted as an inclusion criterion. 

Visualization of results is also used as an interpretability resource. Srinarayani et al. [17] 

present visualizations of the clusters produced by DBSCAN, allowing observation of how users 

were distributed according to characteristics such as savings, liquidity, and financial stability. 

The article, however, does not implement a specific XAI technique to explain each 

classification or recommendation and identifies the integration of additional explainability 

mechanisms as future work. 

SmartSpend [22] presents a different approach focused on transparency of the calculation 

process itself. The system shows transaction risk levels, confidence intervals for spending 

forecasts, and the sequence used to arrive at the recommended budget. In this way, users can 

view historical data, the forecast produced by the model, and the final suggested value instead 

of receiving only a ready-made recommendation. 

Raveendran et al. [13] fall within the level of process transparency and interpretability rather 

than post-hoc XAI. The article describes how behavioral personas, clustering, propensity 
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models, NLP, and business rules are combined to generate nudges and Next Best Action 

interventions, while explicitly associating this architecture with interpretability in responsible 

AI. This description makes it possible to follow the general logic supporting the 

recommendation, which justified retaining the study under IC3. Even so, the work does not 

provide a local explanation for each nudge to the end user or evaluate user understanding, a 

distinction that was considered in the analysis. 

Overall, RQ6 shows that explainability operates at different levels. In some studies, it seeks to 

explain which attributes influenced the model decision [14–16,18]; in others, it seeks to make 

understandable the path used to arrive at a classification or recommendation [17,20,22,23]. 

Explanations directed specifically to the user in natural language also appear [21]. Despite this 

variety, there remains a difference between simply stating that a solution is transparent and 

actually presenting a mechanism capable of explaining a specific decision. This distinction is 

particularly relevant in studies in which interpretability is cited as a principle of the solution 

but is not evaluated directly with users. 

3.8 RQ7 — Synthesis 

The RQ7 analysis shows that recommendations and explanations are presented to users 

through different types of interfaces, including dashboards, mobile applications, chatbots, 

notifications, charts, web interfaces, gamification, and behavioral nudges [13–23]. Despite this 

variety, study evaluations remain more focused on the technical performance of the models 

than on the effects produced on users. 

Dashboards and graphical interfaces appear frequently. Tumma et al. [14] use static and 

interactive visualizations with Matplotlib and Plotly to present financial recommendations and 

forecasts. Srinarayani et al. [17] use a Streamlit interface that presents financial-stability 

classification, the user's main indicators, and personalized suggestions. SmartSpend [22] 

organizes forecasts, risks, spending patterns, and budget recommendations in a dashboard, 

allowing users to follow not only the result but also part of the process that led to the 

recommendation. 

Conversational assistants and mobile applications form another presentation group. Deepthi 

et al. [15] use dashboards, charts, chat, and notifications delivered through push messages, 

email, or in-app messages. Ganta et al. [16] employ an Android application with text and voice 
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interaction, allowing users to receive responses and recommendations through a multimodal 

chatbot. Midellawala et al. [20] also present recommendations directly in a mobile 

application, including budgeting, tax planning, investment options, and shopping suggestions. 

In some studies, the presentation format seeks to transform the technical result into a more 

direct financial action. Merza et al. [19], for example, organize recommendations into a list 

containing action, priority, and justification, accompanied by charts comparing actual and 

forecast expenses. In SmartSpend [22], results are structured to support concrete decisions, 

such as reviewing a higher-risk transaction or setting a budget for the next period. 

Gamification and behavioral nudges appear mainly in studies focused on financial behavior. 

Raveendran et al. [13] present alerts, reminders, and nudges adapted to each user's personas 

and financial goals, seeking to encourage actions such as saving, retirement planning, or 

obtaining financial protection. Pavithra et al. [18] also use contextualized recommendations 

and alerts combined with gamification elements to encourage better saving habits and greater 

user participation. 

Regarding the outcomes evaluated, there is an important difference between what the studies 

aim to improve and what they actually measure. Most studies present technical metrics such 

as accuracy, precision, recall, F1-score, AUC, MAE, RMSE, MAPE, R², and clustering-quality 

metrics. In several cases, benefits such as trust, understanding, financial education, 

engagement, or behavioral change are presented as expected objectives of the solution but 

are not directly evaluated with users [13,14,17,19,20,22]. 

There are some exceptions. Ganta et al. [16] report evaluation of response relevance, user 

satisfaction, usability, and user-centered testing for credit-card recommendations. 

Srinarayani et al. [17] consider user satisfaction and feedback, although the evaluation 

remains strongly tied to classification accuracy and the perceived usefulness of the 

recommendations. Raveendran et al. [13] discuss engagement and response to nudges, but 

the study itself mainly presents illustrative scenarios without empirically demonstrating 

sustained behavioral change. 

SmartSpend [22] also seeks to incorporate trust, transparency, understanding, and decision 

support into the interface design. However, the study itself recognizes that directly evaluating 
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learning, trust, and changes in financial behavior would require structured user studies, which 

have not yet been conducted. 

Overall, RQ7 highlights a difference between presenting a recommendation in an 

understandable way and demonstrating that it produces an effect on the user. The studies 

already explore different forms of interaction and presentation, but evaluations of model 

performance still predominate. Evaluations focused on financial learning, trust, 

understanding, adherence to recommendations, and, especially, behavioral changes observed 

over time are less frequent. 

3.9 RQ8 — Synthesis 

The RQ8 analysis shows that the comparisons performed in the studies focus primarily on 

performance differences among algorithms or modeling approaches. Comparisons specifically 

intended to verify the effect of interpretability or explainability on users are less frequent. 

Among the studies that compare models for the same task, Srinarayani et al. [17] evaluate 

DBSCAN, K-Means, Gaussian Mixture Models, and hierarchical clustering for financial-stability 

classification. DBSCAN achieved the best result according to the Calinski-Harabasz Score and 

was selected for the proposed solution. In this case, the comparison seeks to identify the 

algorithm that best separates users according to their financial behaviors rather than to 

measure differences in understanding between more and less interpretable models. 

Comparisons between traditional models and more complex techniques also appear in several 

studies. Tumma et al. [14] contrast linear regression and decision trees with ensemble-

learning techniques, Gradient Boosting, and neural networks, arguing that the latter provide 

greater predictive capacity and adaptability to more complex relationships. Midellawala et al. 

[20] also compare regression models with Decision Trees and Random Forest, highlighting the 

ability of these models to handle nonlinear relationships and, in the case of trees, to provide 

clearer decision paths. 

Ganta et al. [16] perform comparisons in different modules of the solution. In fraud detection, 

XGBoost is compared with Logistic Regression and Random Forest. For card recommendation, 

XGBRanker is compared with CNN- and RNN-based approaches, achieving better results for 

the tabular data used. Although the study also applies SHAP and LIME to the fraud module, 
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the model comparison is directed primarily toward predictive performance rather than the 

gain obtained from the explanation. 

In temporal forecasting tasks, Deepthi et al. [15] compare LSTM and ARIMA and report lower 

error for LSTM. Merza et al. [19] adopt a hybrid ARIMA-LSTM approach, combining the two 

models to exploit complementary forecasting characteristics. In the latter case, the study 

seeks to improve stability and predictive capacity through model combination without making 

a specific comparison between explainable and non-explainable approaches. 

SmartSpend [22] presents a broader set of comparisons. LightGBM is evaluated against 

XGBoost, Random Forest, and ensembles for fraud detection and against baselines such as 

naïve forecasting and ARIMA for spending forecasting. The study also contrasts its machine 

learning-based budget recommendation with the fixed rules commonly used by personal-

finance applications. In addition, it differentiates the proposal from traditional tools that 

present only historical information and do not report uncertainty or explain how a 

recommendation or risk signal was produced. 

Raveendran et al. [13] make a comparison of a different nature. The work contrasts a 

traditional economic view, based on the idea that individuals make decisions rationally, with 

a behavioral approach that considers factors such as biases, self-control, and cognitive 

limitations. The comparison serves to justify the use of personalized interventions and nudges 

but does not constitute an experiment between systems with and without explainability. 

Overall, RQ8 shows that existing comparisons are predominantly technical: algorithm versus 

algorithm, hybrid model versus individual model, or machine learning versus traditional 

methods and rules [14–17,19,20,22,23]. Even in studies that incorporate SHAP, LIME, 

visualizations, or other forms of explainability, no controlled experiments were identified that 

compare the same system with and without explanations. No comparisons were found that 

would allow conclusions about whether the presence of an explanation actually increases 

understanding, trust, decision quality, or changes in users' financial behavior. This absence 

constitutes one of the clearest gaps identified in the review. 

3.10 RQ9 — Synthesis 

The RQ9 analysis shows that the main gaps are related to validation of solutions in real-world 

situations, the quality and diversity of data, the level of implementation detail, and, most 
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importantly, evaluation of the effect of recommendations on users. Although the studies 

present different models and forms of personalization, in several cases the evaluation ends 

with the technical performance of the solution, without following what happens after the 

recommendation is presented. 

Empirical validation with real users is one of the most recurrent limitations. Some studies 

present prototypes, architectures, or proofs of concept but do not conduct prolonged tests 

under real usage conditions [13,14,17–19,22]. Tumma et al. [14], for example, describe the 

expected performance of the different modules but do not evaluate whether the generated 

recommendations are followed by users or produce financial changes over time. Srinarayani 

et al. [17] provide a functional interface and evaluate clustering quality, but validation remains 

centered mainly on technical metrics and the immediate usefulness of the recommendation. 

Raveendran et al. [13], in turn, present scenarios and personas illustrating how behavioral 

interventions operate, without a large-scale empirical evaluation. 

Limitations related to the data used in the experiments were also identified. Some studies 

employ synthetic data, small datasets, or datasets whose origin and composition are not 

sufficiently detailed. Tumma et al. [14], for example, do not fully report the dataset size, the 

period covered, or how the data were split for training and testing. Merza et al. [19] use a 

synthetic dataset with 100 users, which makes it possible to test the proposal but limits 

evaluation of system behavior across the diversity found in real financial data. Other studies 

report problems related to data availability, class imbalance, transaction quality, and sample 

representativeness [16,18,20]. 

Another gap concerns technical description and study reproducibility. In some studies, the 

algorithms used are reported, but details about hyperparameters, model configuration, 

feature engineering, or the complete pipeline stages are missing [13,14,20,23]. This occurs, 

for example, when an article reports the use of Random Forest, Gradient Boosting, or neural 

networks without sufficiently describing how these models were configured or tuned. This 

limitation does not appear with the same intensity in all studies: SmartSpend [22], for 

example, provides more detailed descriptions of the models and validation procedures, so its 

main gap lies more in user evaluation than in algorithm description. 
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The application context is also insufficiently explored in some studies. Some proposals 

describe the general operation of the solution but do not sufficiently report the conditions 

under which it would be used, how frequently recommendations would be presented, or how 

the system would operate when integrated into users' financial routines [13,14,23]. In 

addition, few studies test the same solution with different user groups or in distinct 

socioeconomic and cultural contexts. This makes it difficult to assess the extent to which 

results can be generalized to other populations. 

The most evident gap, considering the objective of this review, lies in the evaluation of 

educational and behavioral impact. Several studies state that their solutions may contribute 

to improving financial education, supporting decisions, increasing trust, encouraging savings, 

or changing habits [13,14,17–20,22,23]. However, these claims are not always accompanied 

by measures that allow verification of whether these effects actually occurred. Studies that 

assess financial knowledge before and after an intervention, monitor changes in spending or 

saving patterns over time, or verify whether users understood and followed the 

recommendation are rare. 

This limitation is also directly related to explainability. As observed in RQ8, the studies make 

several performance comparisons among algorithms, but no controlled experiments were 

found that would make it possible to determine whether presenting an explanation produces 

different results from presenting only the recommendation. Therefore, based on the analyzed 

studies, it is still not possible to conclude whether mechanisms such as SHAP, LIME, 

visualizations, or natural-language explanations effectively increase user understanding, 

appropriately improve trust, or lead to better financial decisions. 

Finally, challenges related to privacy, security, bias, and integration with real financial data 

also appear [13,15,16,23]. Some studies point to the need for stronger data protection, 

reduction of algorithmic bias, integration with real-time banking or market data, and auditing 

mechanisms. These issues become important because the analyzed systems use sensitive 

financial and behavioral information while simultaneously seeking to offer increasingly 

personalized recommendations. 

Overall, RQ9 indicates that technical advances in the models exceed the available evidence 

regarding their real effects on people. The main opportunities for future work therefore lie in 
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the use of real and more diverse data, greater detail and reproducibility of solutions, 

longitudinal validation in real contexts, and direct evaluation of learning, understanding, trust, 

decision-making, and financial behavioral change. 

4 DISCUSSION 

4.1 Personalization Patterns and Use of Machine Learning 

The analysis of 11 studies shows that machine learning-based personal-finance solutions are 

moving beyond tools focused solely on preparing and monitoring expenses. In several studies, 

the systems use financial history to forecast expenses, identify behavioral patterns, classify 

the user's financial situation, and generate recommendations based on this knowledge [13–

19,22]. This trend is especially clear in proposals that consolidate different functionalities into 

a single solution, combining forecasting, classification, anomaly detection, and 

recommendation [14–16,18,22]. 

This evolution is also reflected in user representation. Some studies define explicit categories 

such as financial-stability or risk-tolerance levels [17,19,21], whereas others use spending 

patterns, behavioral characteristics, or personas [13,16,18]. There are also solutions that, 

instead of establishing fixed categories, rely on income, expenses, savings, indebtedness, and 

transaction history and adapt recommendations to the user [14,20,22,23]. Thus, 

personalization does not necessarily derive from a formal classification of the individual; it 

may also originate from observed financial behavior. 

Likewise, no single machine learning technique stands out as predominant across all studies. 

Tree-based and boosting models appear frequently, but they are generally used together with 

time-series models, clustering techniques, neural networks, rules, or other methods [14–23]. 

This suggests that the personal-finance problems investigated are not solved by a single 

model. Proposals that address different financial decisions tend to use multi-module 

architectures in which each technique has its own function. 

4.2 Recommendation Strategies and Hybrid Architectures 

Recommendation generation follows the same diversity. Strategies based on rules, user 

clustering, learning-to-rank, expense forecasting, reinforcement learning, and behavioral 

interventions were identified [13,14,16,17,19,21,22]. In some studies, the recommendation 
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emerges directly from the model's classification or forecast, whereas in others it depends on 

a combination of the user's financial profile, goals, and predefined rules. Thus, rather than 

revealing a single recommender-system pattern, the studies show different ways of 

transforming machine learning output into actionable guidance for the individual. 

4.3 Interpretability and Explainability 

Regarding interpretability, explainability, and transparency, different levels of openness in the 

decision-making process were observed. SHAP, LIME, and Integrated Gradients function as 

post-hoc explanations by indicating which attributes contributed to predictions or 

classifications [14–16,18]. Other studies use intrinsically more interpretable models, such as 

Decision Trees and explicit rules [19,20,23]. Some works make the process more transparent 

through cluster visualizations [17], natural-language explanations [21], presentation of the 

calculation sequence and uncertainty [22], or a description of the chain combining personas, 

models, and rules to produce interventions [13]. 

This distinction is important because these resources do not provide the same type of 

explanation. In some studies, there is a justification linked to a specific model decision; in 

others, what becomes visible is the overall structure of the process leading to the 

recommendation. There are also cases in which transparency appears mainly as a design 

principle or future direction [23]. Therefore, the synthesis separates the presence of some 

interpretable mechanism from the more demanding question of whether the explanation 

reaches the user and is understood by that user. 

4.4 Evidence of Impact on Users 

One of the most important findings of the review is the difference between evaluating model 

performance and evaluating the effect of the solution on the person receiving the 

recommendation. The studies report metrics such as accuracy, F1-score, AUC, MAE, RMSE, 

MAPE, and the Calinski-Harabasz Score, but outcomes related to financial learning, 

understanding, trust, decision quality, and behavioral change are investigated far less often. 

These benefits frequently appear as objectives or expected effects of the solutions without 

being measured directly [13,14,17,19,20,22,23]. The same pattern appears in the 

comparisons. There are evaluations among algorithms, between hybrid and individual models, 

and between machine learning and traditional approaches [14–17,19,20,22,23], but no 
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controlled experiments were identified comparing the same system with and without an 

explanation. Therefore, based on the available evidence, it is not possible to causally attribute 

improvements in understanding, trust, decision quality, financial learning, or user behavior to 

SHAP, LIME, visualizations, natural-language explanations, or other explanation mechanisms. 

4.5 Heterogeneity, Comparability, and Implications for Future Research 

Another aspect that must be considered is dataset heterogeneity. The studies range from 

synthetic data with few users to datasets containing thousands or millions of transactions. The 

characteristics also differ, including demographic attributes, income, expenses, debts, savings, 

goals, risk tolerance, and transaction history [13–23]. This diversity demonstrates that the 

solutions can be applied to different problems, but it also makes direct comparison of results 

more difficult. A model evaluated on a small synthetic dataset cannot be compared solely on 

the basis of metrics with a model trained on a large dataset of real transactions. 

Based on the observations, the main contribution of such solutions does not appear to lie in a 

single algorithm, but rather in the combination of knowledge about the user's financial 

situation, forecasting, personalized recommendation, and some form of explanation. 

However, for these solutions to be regarded not only as tools supporting financial 

management but also as instruments that support education and improve financial health, 

progress is needed in evaluating their effects. This requires assessing not only whether the 

model is accurate, but also whether users understand the recommendation, are able to use it 

in their decisions, and maintain financial changes over time. 

5 THREATS TO VALIDITY 

5.1 Source Coverage 

The search was conducted in the ACM Digital Library, IEEE Xplore, ScienceDirect, SpringerLink, 

and Scopus. The ACM Digital Library returned no records with the strategy used. In 

SpringerLink, conference papers were not retained when institutional access did not provide 

the corresponding book chapters. Therefore, relevant studies may not have been retrieved or 

assessed, reducing the coverage of the review. 
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5.2 Search Strategy 

The search string had to be adapted to the characteristics of each database, particularly the 

Boolean-operator limitations of ScienceDirect. Although the main concepts of the strategy 

were preserved, differences in syntax, search fields, and indexing may have led to the retrieval 

of different sets of studies. There is also a limitation related to terminology sensitivity. The 

strategy required terms associated with recommendation or recommender, whereas this 

review adopts a broader functional definition of a recommender system that includes alerts, 

decision support, nudges, and personalized guidance. Consequently, relevant solutions 

described only as decision support, financial advisor, personalized guidance, or equivalent 

terms may not have been retrieved when their metadata did not contain recommendation-

related terminology. 

5.3 Study Selection 

The inclusion and exclusion criteria were predefined and applied in sequential stages. 

However, some criteria require interpretation of the article content, particularly when 

identifying interpretability or explainability mechanisms, because some studies use specific 

techniques such as SHAP or LIME, while others use broader terms such as transparency or 

explanation rather than explicitly identifying the mechanism used. This aspect may influence 

inclusion or exclusion decisions in less clear cases. Screening and full-text assessment were 

conducted by the first author, with joint review by both authors for ambiguous cases. The 

absence of independent screening by two reviewers therefore represents a potential source 

of selection bias. 

5.4 Dependence on Reported Information 

The synthesis depends on the information contained in the articles themselves. In some 

studies, information such as dataset size and origin, algorithm configuration, testing context, 

or the form of user evaluation is not presented with the same level of detail. Therefore, the 

absence of specific information in this review does not mean that it was not used in developing 

the solution, but rather that it may not have been possible to identify it clearly in the published 

study. 
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5.5 Geographic Context and External Validity 

A concentration of studies developed by researchers affiliated with institutions in India was 

observed. This does not mean that all of them use data from the Indian population, since 

synthetic data and datasets from other sources were also found. Even so, few studies evaluate 

the same solution across different countries or socioeconomic contexts. Because financial 

behavior, financial education, and responses to recommendations may differ according to 

economic, social, and cultural factors, this concentration should be considered when 

generalizing the results. 

6 CONCLUSION 

This systematic review analyzed 11 studies that apply machine learning-based artificial 

intelligence to personal-finance problems and present some type of interpretability or 

explainability mechanism. The studies mainly address budgeting, expense control and 

forecasting, savings, indebtedness, financial stability, fraud detection, and decision support 

[13–23]. 

The results show considerable diversity of techniques. Tree-based and boosting models 

appear most frequently, but clustering methods, time-series models, neural networks, 

reinforcement learning, and hybrid approaches are also used. Recommendations are 

generated through different strategies, including rules, clustering, ranking, forecasts, and 

personalized behavioral interventions. 

Regarding explainability, mechanisms such as SHAP, LIME, Integrated Gradients, Decision 

Trees, rules, visualizations, natural-language explanations, and presentation of the process 

used to arrive at the recommendation were identified. However, the studies do not use these 

mechanisms in the same way or evaluate their effects in a standardized manner. In some 

cases, the explanation is directly related to the model decision; in others, transparency is 

treated more generally. 

The main gap identified does not lie in the absence of machine learning techniques or ways of 

presenting recommendations, but in the evaluation of the impact of these solutions on users. 

Most studies demonstrate that the model can classify, forecast, or recommend with a given 

level of performance, but there is still limited evidence about what happens after the 

information reaches the person. Evaluations that verify whether users understood the 
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explanation, acquired financial knowledge, made a better decision, or sustainably changed 

their spending, saving, or debt-related habits remain uncommon. 

Gaps also remain regarding the use of real and more diverse data, validation in different 

socioeconomic contexts, the level of detail required to reproduce the solutions, and 

comparisons between systems with and without explainability. In particular, no controlled 

experiments were identified that isolated the effect of explanation by comparing the same 

system in versions with and without this feature. Thus, the available studies do not support a 

causal conclusion that explanation mechanisms, by themselves, increase understanding, trust, 

decision quality, financial learning, or behavioral change. 

Thus, the main contribution of this review is to organize how machine learning, recommender 

systems, and explainability mechanisms have been combined in personal-finance applications 

and to show where limitations remain. The results indicate that progress in this area depends 

not only on more accurate models, but also on studies that follow real users and evaluate 

whether recommendations and explanations can, in fact, contribute to financial education, 

decision-making, and improved financial health over time. 
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TABLES 

Table 1. Consumer Indebtedness and Default Survey (PEIC) — Jul/2025 to Jul/2026 

Indicator Jul/25 Aug/25 Sep/25 Oct/25 Nov/25 Dec/25 Jan/26 Feb/26 Mar/26 Apr/26 May/26 Jun/26 Jul/26 

Indebted 78.5% 78.8% 79.2% 79.5% 79.2% 78.9% 79.5% 80.2% 80.4% 80.9% 81.6% 81.6% 82.0% 

Overdue debts 30.0% 30.4% 30.5% 30.5% 30.0% 29.4% 29.3% 29.6% 29.6% 29.7% 29.9% 29.9% 29.8% 

Unable to pay 

overdue debts 
12.7% 12.8% 13.0% 13.2% 12.9% 12.6% 12.7% 12.6% 12.3% 12.3% 12.3% 12.2% 12.3% 

Source: PEIC/CNC (July 2026) [2]. 

Table 2. Sources, search date, and number of records 

Source Date Records Fields searched 

ACM Digital Library 23 Jul. 2026 0 Abstract 

IEEE Xplore 23 Jul. 2026 37 Metadata 

https://doi.org/10.1109/CSITSS67709.2025.11294369
https://doi.org/10.1109/ICCDS64403.2025.11208922
https://doi.org/10.1109/ICECMSN68058.2025.11383504
https://doi.org/10.1109/SNPD65828.2025.11253447
https://doi.org/10.1109/ICCA62237.2024.10928143
https://doi.org/10.1109/ICDSBS63635.2025.11031897
https://doi.org/10.1109/AIIoT68874.2026.11569599
https://doi.org/10.1109/TENSYMP61132.2024.10752249
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Source Date Records Fields searched 

ScienceDirect 23 Jul. 2026 3 Title, abstract, and keywords 

SpringerLink 23 Jul. 2026 73 Keywords 

Scopus 23 Jul. 2026 26 Title, abstract, and keywords 

Table 3. Summary of the included studies 

ID Year Study Main problem Techniques IC3 category Output 

S1 2026 Tumma et al. 

[14] 
Expense and savings 

forecasting; planning 

and financial health 

Ensemble GB, DNN, 

LSTM/TCN, RL 
Post-hoc explainability 

(SHAP, LIME) 
Dashboard; 

forecasts and 

recommendations 

S2 2026 Deepthi et al. 

[15] 
Budgeting, 

categorization, fraud, 

savings, and advisory 

XGBoost, RF, ARIMA, 

LSTM 
Post-hoc explainability 

(SHAP) 
Web platform; 

alerts and 

recommendations 

S3 2025 Ganta et al. 

[16] 
Budgeting, fraud, cards, 

alerts, and advisory 
XGBoost, RF, logistic 

regression, 

XGBRanker 

Post-hoc explainability 

(SHAP, LIME) 
Modular 

application/assistant 

S4 2024 Midellawala et 

al. [20] 
Budgeting, expenses, 

taxes, and shopping 
Linear regression, RF, 

trees, Apriori 
Intrinsic interpretability; 

process transparency 
Flutter application 

S5 2025 Srinarayani et 

al. [17] 
Financial stability, 

savings, debt, and 

liquidity 

DBSCAN, K-Means, 

GMM, hierarchical 
Process transparency 

(clustering/visualization) 
Streamlit; categories 

and 

recommendations 

S6 2025 Suganya et al. 

[21] 
Financial literacy and 

personalized 

recommendation 

RF, GAN, Llama 3.1 Post-hoc explanation 

layer (natural language) 
Chatbot/Streamlit 

S7 2024 Vaduka et al. 

[23] 
Budgeting, debt, 

retirement, and financial 

decision-making 

Regression, DT, RF, 

XGBoost, AdaBoost 
Intrinsic interpretability 

(regression/trees) 
Decision support 

system 

S8 2025 Pavithra et al. 

[18] 
Cash flow, anomalies, 

spending habits, and 

savings 

Autoencoder, 

HDBSCAN, RF, SVM, 

ARIMA/LSTM 

Post-hoc explainability 

(LIME, Integrated 

Gradients) 

Dashboard and 

gamification 

S9 2025 Merza et al. 

[19] 
Debt, literacy, and 

financial plans 
Isolation Forest, 

ARIMA, LSTM, rules 
Intrinsic interpretability; 

process transparency 

(rules) 

JSON and charts 

S10 2026 Bhandari et al. 

[22] 
Fraud, spending 

forecasting, and 

budgeting 

LightGBM, XGBoost, 

RF, ensembles 
Process transparency 

(calculation 

chain/uncertainty) 

Unified dashboard 

S11 2021 Raveendran et 

al. [13] 
Financial well-being, 

goals, savings, and 

inclusion 

Clustering, NLP, 

rules/analytics 
Process transparency 

(personas, models, and 

rules) 

Nudges and 

web/mobile 

interface 

Abbreviations: DNN, deep neural network; DT, decision tree; GAN, generative adversarial network; GB, gradient boosting; 

GMM, Gaussian mixture model; LIME, Local Interpretable Model-agnostic Explanations; LSTM, long short-term memory; 

NLP, natural language processing; RF, random forest; RL, reinforcement learning; SHAP, SHapley Additive exPlanations; TCN, 

temporal convolutional network. 

Table 4. Critical appraisal of the included studies (Y = Yes; P = Partial; N = No; values are presented 

in criterion order) 

ID Q1–Q3 Q4–Q6 Q7–Q9 

S1 Y/P/P P/Y/Y N/P/P 

S2 Y/Y/Y Y/Y/Y P/P/P 

S3 Y/Y/Y Y/Y/Y Y/Y/P 

S4 Y/P/P P/Y/Y N/P/P 

S5 Y/Y/Y Y/Y/P P/P/P 
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ID Q1–Q3 Q4–Q6 Q7–Q9 

S6 Y/Y/Y Y/Y/Y P/P/P 

S7 Y/P/P Y/P/P N/P/P 

S8 Y/Y/P P/Y/Y P/P/P 

S9 Y/Y/Y Y/Y/Y N/P/Y 

S10 Y/Y/Y Y/Y/Y N/Y/Y 

S11 Y/Y/N N/Y/P N/P/P 

Criteria legend: Q1 = clarity of the objective; Q2 = description of the dataset or sample; Q3 = description of training and 

validation; Q4 = appropriateness of the metrics; Q5 = description of the recommendation mechanism; Q6 = implementation 

of interpretability, explainability, or process transparency; Q7 = evaluation with real users; Q8 = sufficient technical detail to 

support reproducibility; Q9 = explicit discussion of limitations. 

FIGURE LEGENDS 

Figure 1. PRISMA flow diagram of the study selection process. 


