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Abstract – The convergence of artificial intelligence (AI) and mobile financial applications is reshaping personal finance. This 

paper synthesizes theoretical and empirical perspectives on how AI-driven financial apps shape consumer engagement and 

financial well-being. Drawing on an integrative review spanning technology acceptance, behavioral economics, consumer 

psychology, and financial services research, we develop a conceptual framework mapping the pathways through which AI 

capabilities—personalized recommendations, conversational interfaces, predictive analytics, and automated advice—influence 

engagement behaviors and downstream financial outcomes. Three mechanisms emerge as central to how AI-powered financial 

apps affect well-being: information personalization that reduces cognitive load and improves decision quality; behavioral 

nudging that redirects spending and saving patterns; and capability-building that strengthens self-efficacy and financial 

literacy. At the same time, algorithmic opacity, data privacy vulnerabilities, over-reliance on automated advice, and 

engagement-maximizing design pose significant risks to consumer welfare. The paper advances five research propositions and 

concludes with implications for app designers, regulators, and consumer advocates, arguing that realizing AI's potential in 

personal finance requires subordinating engagement metrics to well-being outcomes, underpinned by ethical governance and 

evidence-based regulation. 
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I. INTRODUCTION  
 

The financial services industry has been transformed by 

mobile technology, the democratization of data, and the 

rapid maturation of artificial intelligence (AI). Capabilities 

once reserved for institutional investors—sophisticated 

portfolio analytics, individualized advisory services, and 

real-time market intelligence—are now carried by millions 

of consumers on their smartphones through AI-powered 

financial applications. 

 

By 2024, the global fintech market was valued at 

approximately USD 310 billion, with mobile financial 

applications the fastest-growing segment (Statista, 2024). 

Over 65% of U.S. adults reported regularly using at least 

one financial app (Federal Reserve Board, 2023), while in 

emerging markets such as India and Sub-Saharan Africa, 

fintech apps have become the primary conduit for financial 

inclusion among previously unbanked populations (World 

Bank, 2022; GSMA Intelligence, 2023). 

 

The central question is whether this expanded access to 

AI-powered financial guidance translates into meaningful 

improvements in consumer financial well-being, or 

introduces new forms of dependency and harm. Financial 

well-being is defined here, following the Consumer 

Financial Protection Bureau (CFPB), as the state of being 

able to meet current and ongoing financial obligations, feel 

secure in one's financial future, and make choices that 

allow enjoyment of life (CFPB, 2015). 

 

Scholarship at this intersection remains fragmented: 

technology acceptance researchers study app adoption 

without examining downstream financial outcomes (Davis, 

1989; Venkatesh et al., 2012); financial well-being 

researchers rely on survey measures that undertheorize 

digital interfaces (Netemeyer et al., 2018; Brüggen et al., 

2017); and industry analyses tend toward technological 

optimism unmoored from behavioral evidence. This paper 

addresses that gap by (1) integrating relevant theoretical 

frameworks, (2) characterizing the principal AI 

mechanisms in financial apps, (3) evaluating empirical 

evidence linking engagement to well-being outcomes, and 

(4) advancing propositions to guide future research. 

 

II. THEORETICAL FRAMEWORKS 
 

Understanding how AI-powered financial applications 

influence consumer well-being requires multiple 

theoretical lenses, since no single theory explains the full 

causal chain linking AI adoption, engagement, and 

financial outcomes. Table 1 summarizes six frameworks 

that together provide the conceptual architecture for this 

analysis. 

 

Table 1. Theoretical Frameworks Underpinning the AI–

Financial Well-Being Relationship 

Framework Origin Key 

Constructs 

Relevance 

Technology 

Acceptance 

Model (TAM) 

Davis 

(1989) 

Perceived 

usefulness, 

perceived 

ease of use 

Predicts 

adoption of AI 

finance apps 

Self-

Determination 

Theory (SDT) 

Deci & 

Ryan 

(1985) 

Autonomy, 

competence, 

relatedness 

Explains 

intrinsic 

motivation for 
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Framework Origin Key 

Constructs 

Relevance 

sustained 

engagement 

Behavioral 

Finance 

Theory 

Thaler & 

Sunstein 

(2008) 

Cognitive 

biases, 

heuristics, 

nudges 

Illuminates how 

AI nudges 

shape 

spending/saving 

UTAUT2 Venkatesh 

et al. 

(2012) 

Effort 

expectancy, 

social 

influence, 

hedonic 

motivation 

Multi-

dimensional 

adoption 

framework 

Financial 

Well-Being 

Model 

CFPB 

(2015) 

Control, 

capacity, 

freedom, 

security 

Defines 

outcome 

variables for 

measurement 

HCI Theory Card et al. 

(1983) 

Usability, 

user 

experience, 

affordance 

Evaluates 

interface design 

effects on 

engagement 

 

1. Technology Acceptance and Use 

TAM (Davis, 1989) posits that adoption intentions are 

driven by perceived usefulness and perceived ease of use, 

and remains among the most validated frameworks in 

financial services contexts (Gu et al., 2009). UTAUT2 

(Venkatesh et al., 2012) extends TAM with hedonic 

motivation, habit, and price value—constructs especially 

relevant to financial apps, which must deliver both 

functional utility and pleasurable experience. AI 

personalization may amplify both appeals by transforming 

generic information provision into individualized, 

contextually relevant guidance. 

 

2. Self-Determination Theory and Engagement 

SDT (Deci & Ryan, 1985, 2000) distinguishes autonomous 

motivation, which is associated with deeper processing and 

better self-regulation, from controlled motivation driven by 

external pressure. Applied to financial apps, SDT predicts 

that satisfying users' needs for competence, autonomy, and 

relatedness fosters higher-quality, more sustainable 

engagement. AI personalization can support competence 

through accessible guidance but may undermine autonomy 

when recommendations become opaque or paternalistic. 

 

3. Behavioral Finance and the CFPB Model 

Behavioral finance documents systematic departures from 

rational choice—present bias, loss aversion, and mental 

accounting—that contribute to under-saving and over-

borrowing (Kahneman & Tversky, 1979; Thaler & 

Sunstein, 2008). AI-powered apps can deploy nudges to 

counteract these biases, but the critical evaluative question 

is whether such interventions serve consumers' authentic 

interests or platform engagement and revenue. The CFPB's 

financial well-being model (CFPB, 2015, 2017) supplies 

the outcome side of this equation, defining well-being 

through control over day-to-day finances, capacity to 

absorb shocks, progress toward goals, and freedom to 

make enjoyable choices—operationalized through the 

validated 10-item CFPB Financial Well-Being Scale 

(Netemeyer et al., 2018). 

 

III. AI TECHNOLOGIES IN FINANCIAL 

APPLICATIONS 
 

Contemporary AI-powered financial apps deploy four 

principal categories of capability, summarized in Table 2. 

 

Table 2. Principal AI Technologies in Consumer Financial 

Applications 

Technology Core Function Example 

Platforms 

Engagement 

Mechanism 

Machine 

Learning & 

Personalization 

Credit 

assessment, 

fraud detection, 

product 

recommendation 

Various 

banking & 

budgeting 

apps 

Individualized 

suggestions 

raise 

relevance and 

time-on-app 

NLP & 

Conversational 

Agents 

Chat-based 

account queries, 

financial 

dialogue 

Erica 

(BofA), Eno 

(Capital 

One), Cleo 

Natural 

dialogue 

increases 

engagement 

frequency and 

disclosure 

Predictive 

Analytics 

Cash-flow 

forecasting, 

goal projection, 

scenario 

modeling 

Personal 

Capital, 

YNAB 

Vivid future 

projections 

counter 

present bias 

Robo-Advisory Automated 

portfolio 

construction and 

rebalancing 

Betterment, 

Wealthfront, 

Schwab 

Intelligent 

Portfolios 

Low-cost 

automation 

broadens 

access to 

advice 

 

Machine learning underpins most personalization engines, 

using supervised methods for credit and fraud tasks and 

collaborative filtering to generate individualized product 

suggestions (Baesens et al., 2016; Huang et al., 2020). 

Evidence from adjacent domains such as streaming and e-

commerce shows algorithmic personalization reliably 

increases time-on-platform (Gomez-Uribe & Hunt, 2016); 

in banking, personalized notifications increased weekly 

engagement by 34% and were associated with improved 

savings behavior at three months (Huang et al., 2020), 

though causal mechanisms remain incompletely specified. 

Conversational agents built on NLP—such as Erica, Eno, 

and Cleo—mark a qualitative shift from static information 

display to dialogic interaction (Bank of America, 2023; 

Davenport & Ronanki, 2018). Parallel evidence from 

health informatics suggests such agents can deepen 

engagement and behavioral disclosure (Bickmore & 

Picard, 2005), but the open question for finance is whether 
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this fosters genuine capability or unhealthy dependency 

(Agnew et al., 2018). 

 

Predictive analytics moves apps beyond historical 

transaction reporting toward forward-looking insight—

forecasting shortfalls, projecting savings trajectories, and 

modeling counterfactual scenarios. Vivid, concrete 

representations of future consequences have been shown to 

reduce hyperbolic discounting (Hershfield et al., 2011), a 

mechanism mirrored in goal-visualization tools such as 

YNAB. 

 

Robo-advisory platforms, collectively managing over USD 

1 trillion in assets (Statista, 2024), extend algorithmic 

portfolio management once reserved for high-net-worth 

clients to retail investors. Meyll and Walker (2019) found 

robo-advisory adoption improved portfolio diversification, 

particularly among investors with limited financial literacy, 

and D'Acunto and Rossi (2021) documented improved 

stockholding diversification among previously non-

investing households—though the durability of these 

learning-by-doing effects requires further study. 

 

IV. CONSUMER ENGAGEMENT WITH 

AI-POWERED FINANCIAL APPS 
 

Engagement is conventionally measured through 

behavioral metrics—daily/monthly active users, session 

frequency and duration—that risk conflating quantity with 

quality (Brodie et al., 2011). We propose a tridimensional 

conception: behavioral engagement (frequency and depth 

of interaction), cognitive engagement (deliberative 

processing of financial information), and affective 

engagement (emotional experience, including anxiety 

reduction and financial confidence). 

 

A recurring tension exists between engagement quantity—

maximized through compulsive-checking design, variable 

reward schedules, and gamification—and engagement 

quality, characterized by deliberate financial reflection. 

Seaborn and Fels (2015) found gamification features such 

as badges and savings streaks increased behavioral 

engagement but also elevated competitive anxiety, with 

loss-averse mechanics like broken streaks generating 

harmful emotional responses (Potrich et al., 2020). 

 

Financial self-efficacy—belief in one's capacity to perform 

financial tasks effectively (Lown, 2011)—is a robust 

predictor of saving, investing, and planning behavior 

(Danes & Haberman, 2007; Grohmann, 2018). Apps that 

scaffold competence through graduated tasks and positive 

feedback can strengthen self-efficacy, creating a virtuous 

cycle with engagement; apps that substitute AI decisions 

for user decisions risk atrophying the very reasoning skills 

they claim to support. 

 

 

 

 

V. DIMENSIONS OF CONSUMER 

FINANCIAL WELL-BEING 
 

Financial well-being spans both objective material 

conditions and subjective experiential states; relying solely 

on income or wealth measures yields an incomplete 

welfare picture. Brüggen et al. (2017) identify five core 

dimensions, summarized in Table 3. 

 

Table 3. Dimensions of Consumer Financial Well-Being 

Dimension Definition Key Indicators 

Financial 

Security 

Confidence in 

meeting obligations 

without stress 

Emergency fund 

adequacy, debt-to-

income ratio 

Financial 

Freedom 

Capacity for 

meaningful financial 

choice 

Discretionary 

income, goal 

attainment 

Financial 

Resilience 

Ability to absorb and 

recover from shocks 

Liquidity buffer, 

insurance coverage 

Financial 

Literacy & 

Competence 

Knowledge and 

confidence for 

informed decisions 

Literacy score, 

decision quality 

Subjective 

Financial 

Satisfaction 

Perceived 

contentment relative 

to expectations 

Life satisfaction, 

financial stress 

indices 

 

Security and resilience are most directly shaped by 

behavioral outcomes such as savings and debt 

management; freedom and satisfaction are more strongly 

shaped by perceived control and confidence; literacy is 

potentially strengthened through an app's educational and 

scaffolding functions. Notably, Netemeyer et al. (2018) 

show subjective financial well-being predicts health, 

relationship satisfaction, and work productivity beyond 

what objective financial conditions explain—meaning an 

app could raise subjective confidence while objective 

outcomes stagnate or worsen, a distinction essential to any 

welfare assessment of AI financial tools. 

 

VI. EMPIRICAL EVIDENCE: AI APPS 

AND FINANCIAL WELL-BEING 
 

The empirical literature is growing but remains 

methodologically heterogeneous, often limited by 

endogeneity concerns and short follow-up periods. Table 4 

summarizes representative studies. 

 

Table 4. Summary of Key Empirical Studies 

Study Focus Area Key Finding Direction 

Lusardi & 

Mitchell 

(2014) 

Financial 

literacy & 

retirement 

savings 

Literacy strongly 

predicts 

retirement wealth 

accumulation 

Positive 
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Study Focus Area Key Finding Direction 

Meyll & 

Walker 

(2019) 

Robo-

advisor 

adoption 

Improves 

portfolio 

diversification 

among retail 

investors 

Positive 

Huang et 

al. (2020) 

Mobile 

banking 

engagement 

Frequent 

engagement 

correlates with 

improved 

savings 

Positive 

D'Acunto 

et al. 

(2019) 

AI nudges 

and 

spending 

Personalized 

nudges reduce 

impulsive 

purchases 15–

22% 

Positive 

Agnew et 

al. (2018) 

Algorithmic 

advice trust 

Users over-rely 

on AI, reducing 

independent 

judgment 

Negative 

Potrich et 

al. (2020) 

Fintech & 

financial 

anxiety 

Gamified saving 

boosts 

engagement but 

raises anxiety 

over time 

Mixed 

Baker & 

Dellaert 

(2018) 

Robo-

advice 

complexity 

Complex AI 

outputs reduce 

comprehension 

and capability 

Negative 

 

1. Positive Associations 

The most robust benefit is improved savings behavior via 

automation that exploits the default effect (Madrian & 

Shea, 2001; Beshears et al., 2008). Acorns' round-up 

micro-investment feature has introduced over 8 million 

users to investing (Acorns, 2023) by removing the need for 

repeated deliberate decisions (Thaler & Benartzi, 2004). 

Personalized nudges show similar promise: D'Acunto et al. 

(2019) exploited a staggered rollout in a large grocery-

and-finance app to estimate a 15–22% reduction in 

impulsive purchases. Algorithmic advice may also extend 

capability-building to underserved populations, as fintech 

has reduced the unit cost of financial intermediation 

(Philippon, 2019), though this hypothesis needs more 

rigorous testing. 

 

2. Adverse Outcomes and Risk Channels 

Four risk channels recur in the literature. Algorithmic 

over-reliance: Agnew et al. (2018) found users defer more 

readily to algorithmic than human recommendations—a 

form of automation bias (Mosier & Skitka, 1996) that is 

concerning both because algorithms are not infallible and 

because deference can atrophy independent financial 

reasoning. Engagement-biased design: Baker and Dellaert 

(2018) argue that advice complexity can serve platform 

interests by generating demand for premium services while 

reducing comprehension, and engagement-maximizing 

tactics—frequent notifications, variable rewards, 

gamification—can produce compulsive checking that 

elevates anxiety rather than supporting calm planning 

(Montag et al., 2019). 

 

Financial literacy moderates these outcomes: higher-

literacy users better leverage AI insights, while lower-

literacy users are more susceptible to over-reliance 

(Lusardi & Mitchell, 2014; Kaiser & Menkhoff, 2017). 

Younger, more financially precarious users—who have the 

most to gain from capability-building—are also most 

exposed to gamification-induced compulsive behavior, a 

troubling pattern in which the populations with greatest 

need face the greatest risk. Only longitudinal designs 

tracking users across multiple financial cycles can 

distinguish durable well-being gains from novelty-driven 

engagement surges. 

 

VII. ETHICAL CONSIDERATIONS AND 

REGULATORY IMPLICATIONS 
 

AI deployment in consumer finance raises ethical 

questions beyond conventional product liability, given the 

well-documented links between financial distress and 

impaired health, relationships, and cognition (Mullainathan 

& Shafir, 2013). 

 

1. Algorithmic Transparency 

High-stakes algorithmic decisions should be explicable to 

consumers—a principle codified in GDPR Article 22 (EU, 

2016). Yet the highest-performing models (deep networks, 

gradient boosting) often sacrifice interpretability for 

accuracy (Lipton, 2018). Explainable AI methods such as 

LIME and SHAP (Ribeiro et al., 2016) offer post-hoc 

approximations, though their reliability remains contested. 

 

2. Data Privacy and Financial Intimacy 

Financial apps generate extraordinarily intimate data—

transaction, location, biometric, and behavioral records—

creating significant exposure to breach or exploitation 

(Acquisti et al., 2016; Zuboff, 2019). Open banking 

frameworks such as PSD2 and the UK Open Banking 

Standard (HM Treasury, 2016) enable data portability 

while introducing third-party access risks, underscoring the 

need for governance balancing innovation with consent 

management and data minimization. 

 

3. Financial Inclusion and Algorithmic Bias 

AI systems trained on historical financial data inherit prior 

inequities; proxy variables correlated with protected 

characteristics can produce disparate impacts in credit, 

insurance, and product recommendations without explicit 

discrimination (Barocas & Selbst, 2016; Bartlett et al., 

2019). Regulatory sandboxes have been proposed to 

evaluate algorithmic bias pre-deployment, though their 
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track record is mixed (Zetzsche et al., 2017), suggesting a 

need for more rigorous auditing requirements. 

 

VIII.. RESEARCH PROPOSITIONS AND 

FUTURE DIRECTIONS 
 

Five theoretically grounded propositions are advanced to 

guide future empirical investigation: 

 

P1. The relationship between AI financial app engagement 

and financial well-being follows an inverted U-shape: 

moderate, purposeful engagement yields peak well-being, 

while both very low and compulsively high engagement 

are associated with worse outcomes. 

 

P2. The well-being effects of AI personalization are 

moderated by baseline financial literacy, benefiting high-

literacy users who can critically evaluate suggestions while 

exposing low-literacy users to automation bias. 

 

P3. Apps designed to support autonomy—transparent 

reasoning, genuine choice, and independent skill-

building—generate greater durable improvements in self-

efficacy and well-being than apps that substitute AI 

judgment for user judgment. 

 

P4. Subjective well-being (anxiety, confidence, perceived 

control) responds more rapidly to AI engagement through 

psychological pathways, while objective well-being 

(savings, debt, returns) changes more slowly through 

sustained behavioral pathways. 

 

P5. Well-being effects are heterogeneous across 

demographic groups, with financially marginalized 

populations showing greater vulnerability to engagement-

biased design but also greater potential benefit from well-

designed capability-building features. 

 

Advancing this agenda calls for longitudinal panel designs, 

natural experiments exploiting staggered feature rollouts, 

and randomized trials comparing engagement-maximizing 

versus well-being-optimizing designs, with self-reported 

data triangulated against administrative financial records. 

Standardizing around the CFPB Financial Well-Being 

Scale, supplemented by validated anxiety (Archuleta et al., 

2013) and self-efficacy (Lown, 2011) measures, and 

fostering interdisciplinary industry-academic partnerships, 

will be essential to building the causal evidence base this 

domain requires. 

 

IX. CONCLUSION 
 

AI-powered financial applications carry profound promise 

coupled with equally profound risk. They have created 

genuine pathways to sophisticated guidance, behavioral 

nudging, and automated planning that can improve 

outcomes for consumers previously excluded from 

personalized financial services. Yet under commercial 

incentives that prioritize engagement over welfare, the 

same technologies can amplify anxiety, foster over-

reliance, perpetuate historical bias, and exploit the 

behavioral vulnerabilities they claim to address. 

 

Resolving this tension requires deliberate design choices 

grounded in behavioral evidence and a normative 

commitment to consumer welfare, supported by regulatory 

frameworks capable of evaluating algorithmic systems and 

enforcing transparency and accountability. For researchers, 

the priority is generating causal evidence using the 

propositions advanced here. For practitioners, the 

imperative is to ask not how to maximize time-in-app but 

how to maximize financial capability and security—

objectives that, done well, are also the soundest long-term 

competitive strategy in an industry where trust is the 

scarcest resource. For regulators, the priority is developing 

the technical competency to evaluate AI financial systems 

against outcome-based welfare criteria rather than process-

based compliance alone. The choices made by researchers, 

practitioners, and regulators in the near term will shape the 

financial well-being of millions of consumers and the 

financial health of societies. 
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