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Abstract

Purpose: Personal finance applications now aggregate bank, card, loan and tax data into dashboards that promise better
household decisions, yet their evaluation rarely goes beyond engagement and satisfaction. This review asks which dashboard
design properties improve the quality of household cash-flow, debt, saving and tax decisions, and under which conditions they
produce over-reliance or privacy harm. Method: An integrative review of household finance, behavioral economics, visual
analytics, fiscal psychology and data governance research published to 2025 was conducted under a documented search,
screening and appraisal protocol, with contradictory findings adjudicated by design strength and outcome proximity. Findings:
Evidence converges on four conditions: reconciled data, perceptually efficient encodings matched to the user's visualization
literacy, explicit uncertainty on forecasts and tax estimates, and prompts placed at the moment of choice. Evidence diverges on
whether richer displays or simple rules of thumb serve low-literacy households better. Contribution: The article proposes the
LEDGER framework (linked data, encoding fit, decision anchoring, guided action, exposed uncertainty, rights over data),
defines decision-quality metrics including dominance errors and Brier-scored shortfall judgments, states six falsifiable
propositions, and specifies a two-stage validation design. Implications: Providers and regulators should judge household
dashboards by decision quality and harm incidence rather than logins or feature counts.
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1 Introduction

Households make a small number of financial decisions that matter a great deal and a large number that matter a little, and
they make most of both with incomplete information about their own position. A family deciding whether to accelerate a
credit card repayment, raise a paycheck withholding election, or move money into an emergency fund must first know what it
owns, what it owes, what is coming due, and what the tax authority will eventually expect. Business intelligence techniques
that were developed for firms, namely integration of transactional sources, dimensional aggregation, key performance
indicators and interactive visualization, have migrated into consumer products that promise exactly this overview (Mbonu et
al., 2021a; Sanni et al., 2021b). The migration has been accelerated by open banking regimes that let a consumer authorize a
third party to read account data, and by tax preparation software that now offers year-round projections rather than a single
filing-season interaction (Bola-Sadipe et al., 2022; Oluwo et al., 2025).

The premise of these products is that visibility improves choice. That premise is plausible but not self-evident. Household
finance research documents persistent gaps in basic numeracy, debt literacy and understanding of interest compounding, and
those gaps are associated with costly borrowing and weak saving (Lusardi et al., 2015; Atkinson et al., 2012). A dashboard
that presents an annual percentage rate, a net-worth sparkline and a tax liability estimate to a user who cannot interpret them
may add confidence without adding understanding. Behavioral research adds a second complication: people partition money
into mental accounts, weight the present disproportionately, and respond to salience and defaults, so the same information laid
out differently can produce different decisions (Fobellah, 2025a; Xiao et al., 2016). A third complication is that aggregation
requires the household to share credentials or grant access tokens covering its most sensitive records, which introduces privacy
and security risks that the decision benefit must outweigh (Kumuyi et al., 2024b; Mbonu et al., 2022a).
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1.1 Research Gap and Questions

Three strands of work bear on household dashboards but rarely meet. Visual analytics and business intelligence research
studies how displays support monitoring and performance management, mostly in organizational settings with trained analysts
and defined accountabilities (Ogbole et al., 2021; Tonoyan et al., 2024b). Household finance and financial education research
measures literacy, capability and well-being, but treats information delivery as a course or a disclosure rather than as an
interactive display (Miller et al., 2015; Netemeyer et al., 2018). Tax compliance research explains why people pay, underpay
or overpay, with attention to trust, enforcement and complexity, but seldom examines the interface through which a taxpayer
forms an expectation of liability (Alm, 2019; Kirchler, 2007). The gap is therefore not a shortage of studies on any one topic;
it is the absence of a framework that connects dashboard design properties to the quality of specific household decisions,
identifies when those properties backfire, and states what evidence would show that a dashboard helped. Accordingly, the
review addresses three research questions. RQ1: Which design properties of household financial dashboards are associated
with more accurate comprehension and better decisions about cash flow, debt, saving and tax? RQ2: Under what household,
data and design conditions do those properties fail or produce harm, including over-reliance on estimates and privacy loss?
RQ3: How should decision quality be measured so that competing dashboard designs can be compared and falsified (Hevner
et al., 2004; Wieringa, 2014)?

1.2 Contributions and Structure

The article makes four contributions. First, it synthesizes evidence across household finance, behavioral economics, graphical
perception and fiscal psychology into a single account of how a dashboard can change a household decision, and it adjudicates
rather than lists the places where that evidence conflicts. Second, it proposes the LEDGER framework, whose six constructs
(linked and reconciled data, encoding fit, decision anchoring, guided action, exposed uncertainty and rights over data) name
design properties that can be manipulated experimentally. Third, it defines decision-quality metrics that go beyond satisfaction
and usage: dominance error rates, the expected cost of decision error, Brier scores for probabilistic shortfall judgments, and
tax estimate error relative to safe-harbor thresholds. Fourth, it states six propositions with explicit tests and outlines a two-
stage validation design, pairing a randomized decision experiment with a stepped-wedge field evaluation (Easterbrook et al.,
2008; Runeson et al., 2009). Section 2 sets out the theoretical foundations. Section 3 documents the review protocol. Section 4
presents the synthesis. Section 5 develops the framework, metrics, a worked scenario and the propositions. Section 6 describes
the validation design and threats to validity. Section 7 discusses implications, counter-arguments, limitations and a research
agenda, and Section 8 concludes.

2 Theoretical Foundations

Four bodies of theory explain why a household dashboard might help and why it might not. Bounded rationality and its
behavioral extensions explain the systematic departures from optimal choice that a display could correct or amplify. Graphical
perception and visualization literacy explain whether the display is decoded accurately. Fiscal psychology explains how
taxpayers form and act on beliefs about liability. Theories of reliance and planned behavior explain when an accurate belief
becomes an action. The sections below use each theory to derive a specific expectation about design, rather than invoking it as
general background, because a framework that cannot be traced to mechanism cannot be falsified in a meaningful way (Ajzen,
1991; Fobellah, 2025a; Kirchler, 2007).

2.1 Bounded Rationality, Mental Accounting and Present Bias

Standard intertemporal models assume that a household discounts future consumption exponentially, so that preferences
between two dated options do not reverse as the earlier option approaches. Observed behavior departs from this in a structured
way. The quasi-hyperbolic formulation captures the departure: utility at time tis U t =u(c_t) + B X {k>1} 6"k u(c_{t+k}),
where 8 is the long-run discount factor and < 1 introduces an extra penalty on every future period relative to the present. A
present-biased household plans to save next month and then, when next month arrives, defers again. The implication for
design is specific: displays that make a future cost vivid at the moment of a present choice, or that let the household commit in
advance, should outperform displays that simply report balances (Fobellah, 2025a; Abah et al., 2025).

Mental accounting describes a second regularity: money is not treated as fungible. Households label funds as rent, holiday or
tax money, track categories against budgets, and resist moving money between labels even when doing so would reduce total
cost, as when a family holds low-yield savings while revolving a high-interest card balance. Dashboards interact with this
tendency in two directions. Category budgets and savings goals can harness labeling to protect an emergency buffer or a tax
reserve, which is useful when self-control is the binding constraint. The same labels can entrench non-fungible choices that a
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consolidated view would expose. Which effect dominates depends on whether the display foregrounds the cross-account trade-
off or hides it inside separate tiles (Drexler et al., 2014; Xiao et al., 2016). Present bias and mental accounting therefore
generate opposite predictions for the same feature, which is why the framework treats decision anchoring as a construct to be
measured rather than a feature to be added (Michael et al., 2021d).

2.2 Graphical Perception and Visualization Literacy

Research on graphical perception has established a broadly stable ranking of how accurately people decode quantitative
encodings: position along a common scale is decoded most accurately, followed by length, then angle and slope, then area,
with color saturation and hue least accurate for magnitude. Consumer finance applications frequently invert this ranking,
favoring donut charts for spending shares, gauges for credit scores and colored tiles for budget status, because those encodings
are compact and attractive on a phone screen. A bar chart of category spending against budget, sorted by overspend, is a
position encoding; a donut chart of the same data asks the user to compare angles and arcs, and the error rate in magnitude
judgments rises accordingly (Ogbole et al., 2021; Sanni et al., 2021b).

Visualization literacy, the ability to read, interpret and draw inferences from charts, varies widely and is only partly correlated
with numeracy. Standardized assessment instruments ask respondents to retrieve values, find extrema, identify trends and
compare groups across chart types, and they show that line charts and bar charts are read more reliably than stacked areas,
bubble charts or dual-axis plots. For household dashboards the corollary is that encoding choice and user literacy interact: a
fan chart that conveys forecast uncertainty to one user may be read by another as a range of equally likely outcomes, or
ignored in favor of the central line. Measures of financial literacy such as those piloted across countries by the OECD capture
knowledge of interest, inflation and risk diversification, but they do not capture chart comprehension, so the two must be
measured separately (Atkinson et al., 2012; Tonoyan et al., 2024b).

2.3 Fiscal Psychology and Household Tax Behavior

Tax behavior is poorly explained by deterrence alone. Economic psychology describes compliance as the product of enforced
compliance, driven by the perceived power of the authority, and voluntary cooperation, driven by trust; the slippery slope
framework predicts that the two combine, and that interactions which build trust raise voluntary compliance (Kirchler, 2007).
Reviews of compliance motives add social norms, tax morale, perceived fairness and, importantly for this review, complexity
and uncertainty about what is owed (Alm, 2019). Many household tax errors are not evasion but misestimation: a worker with
a second job whose withholding is calibrated to a single employer, a gig earner who does not set aside self-employment tax, or
a family surprised by the loss of a credit when income crosses a phase-out threshold (Bola-Sadipe et al., 2022; Fobellah,
2025c).

For dashboard design, fiscal psychology implies that tax views serve two functions. The informational function reduces
misestimation by projecting liability from year-to-date income, withholding and estimated payments. The relational function
shapes how the household experiences the tax system: a projection that surfaces a looming balance due with a clear, feasible
path to avoid a penalty frames the authority as predictable, whereas a projection that appears only after filing frames it as
arbitrary. Loss framing also matters, since households react more strongly to a balance due than to an equivalent reduction in a
refund, and many deliberately over-withhold to secure a refund that functions as a forced saving device. A dashboard that
recommends precise withholding may therefore remove a commitment device the household valued, which is a design trade-
off rather than an error (Kirchler, 2007; Anioke et al., 2023a).

2.4 Reliance, Trust Calibration and Planned Behavior

A dashboard changes a decision only if the user relies on it appropriately. Research on decision support in clinical and
operational settings shows two symmetric failures: under-reliance, where accurate advice is ignored, and over-reliance, where
inaccurate advice is followed because it comes from a system (llodigwe et al., 2025a; Adelanwa et al., 2024). Appropriate
reliance requires that trust track the actual reliability of each output, which in turn requires that the display communicate
reliability. A cash-flow forecast shown as a single line invites the user to treat it as a guarantee; the same forecast shown with
an interval and a stated error history invites calibrated reliance (Akintola et al., 2025).

The theory of planned behavior explains the final step from belief to action: intention depends on attitude toward the behavior,
perceived social norms, and perceived behavioral control, and action follows intention more reliably when control is real
(Ajzen, 1991). A dashboard can raise perceived control by converting an abstract goal into a concrete next step, such as
scheduling a transfer or adjusting a withholding form, and by reducing the friction between insight and execution. It can lower
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perceived control if it presents problems without feasible responses, which produces avoidance; the so-called ostrich effect, in
which people check accounts less often when markets fall or balances are low, is one expression of this. The planned behavior
lens therefore predicts that prompts linked to executable actions outperform warnings alone, and that the benefit is
concentrated among households with enough slack to act (Akhigbe et al., 2024; Eyetsemitan et al., 2023a).

3 Review Protocol

The study is an integrative review. It combines empirical studies, systematic reviews, regulatory and standards documents, and
conceptual work in order to build theory where no single body of evidence is sufficient, and it reports its protocol so that the
basis for each inference can be inspected. The reporting follows the elements of the PRISMA 2020 statement that apply to a
theory-building review, namely a stated search strategy, eligibility criteria, appraisal approach and synthesis method, without
claiming the quantitative pooling of a meta-analysis (Page, 2021; Dyba et al., 2008). The propositions derived from the
synthesis are untested and are presented as such.

3.1 Sources, Search Strings and Time Window

Searches covered Scopus, Web of Science Core Collection, the ACM Digital Library, IEEE Xplore, EconLit and SSRN,
together with reports from financial regulators, central banks, tax authorities and the OECD, and by backward and forward
citation chasing from included studies. The window ran from January 2005 to December 2025; the start date captures the
period in which online account aggregation and personal finance management applications became widely available, and the
end date is the publication year of this article. The core search string combined three concept blocks with Boolean AND: a
household block (household* OR consumer* OR "personal finance” OR taxpayer* OR famil*), a display block (dashboard*
OR visuali* OR "account aggregat*" OR "open banking" OR "personal financial management" OR "budgeting app*" OR
"decision aid*"), and an outcome block (saving* OR debt OR overdraft OR "“cash flow" OR budget* OR tax* OR withholding
OR ™financial well-being” OR "financial capability”). A second string replaced the display block with behavioral terms
("present bias" OR "mental accounting” OR nudge* OR default* OR reminder* OR "commitment device*") to capture
interventions delivered through digital channels (Easterbrook et al., 2008; Borg et al., 2014).

3.2 Eligibility, Screening and Appraisal

Records were eligible if the unit of analysis was an individual or household making a personal financial or tax decision; if the
intervention or object of study was a digital display, aggregator, alert, projection or visual decision aid, or a behavioral
mechanism that such displays operationalize; and if at least one outcome concerned comprehension, a decision, a financial
behavior or a harm. Records were excluded if they addressed only enterprise reporting with no household analogue, reported
usability or adoption without any decision or behavior outcome, or were promotional material without a described method.
Organizational dashboard studies were admitted as a secondary stream where they informed a transferable design property,
such as KPI definition or anomaly alerting, and were coded as analogical evidence (Filani et al., 2022; Sakyi et al., 2022b).
Screening proceeded from titles and abstracts to full texts, with a coded reason retained for each exclusion.

Appraisal used a design-specific checklist rather than a single score. Randomized and natural experiments were appraised for
allocation concealment, attrition, outcome timing and whether the measured outcome was behavior or stated intention.
Observational studies of application users were appraised for selection into use, since households that adopt budgeting tools
differ from those that do not in conscientiousness, income stability and prior literacy. Laboratory studies of chart
comprehension were appraised for task realism and incentive alignment. Industry reports were appraised for disclosure of
method and for conflicts of interest where the author sells the product evaluated. Standards and regulatory texts were treated as
specifications of expected controls, not as evidence that those controls improve outcomes (ISO/IEC/IEEE, 2018; Yusuf et al.,
2018).

3.3 Synthesis and Adjudication Logic

Extraction recorded, for each included source, the population, setting, display or intervention, comparator, construct measured,
outcome, timing, effect direction and stated limitations, and coded each finding to one or more of the six LEDGER constructs.
Synthesis followed a mechanism, context and outcome logic: a finding was interpreted by asking which mechanism it
implicated and under which household and data conditions. Where findings conflicted, adjudication weighed three factors in
order: design strength (experimental over quasi-experimental over cross-sectional), outcome proximity (observed behavior
over stated intention over satisfaction), and population match (households over students over organizational analysts). Null
and adverse findings were retained rather than discounted, because a framework that explains only successes cannot specify its
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own failure conditions (Runeson et al., 2009; Arumosoye et al., 2019). Table 1 summarizes the protocol elements and the
safeguard attached to each, and Figure 1 shows the sequence from identification to the outputs used in Sections 4 and 5.

Table 1. Review protocol for household dashboard and decision-quality evidence

Protocol element Specification in this review Safeguard against bias

Question scope Household cash-flow, debt, saving and tax | Organizational dashboard evidence admitted only
decisions supported by digital displays, aggregators | as coded analogical evidence
or projections

Sources Six bibliographic databases plus regulator, central | Grey literature appraised for method disclosure and
bank, tax authority and OECD reports; citation | vendor conflict of interest
chasing

Time window January 2005 to December 2025 Early aggregator studies flagged where screen

scraping preceded token-based access

Inclusion Household unit; digital display or behavioral | Usability-only and adoption-only studies excluded
mechanism it operationalizes; comprehension, | with coded reason
decision, behavior or harm outcome

Appraisal Design-specific  checklist covering allocation, | Stated intention and satisfaction not treated as
attrition, selection into use, task realism, outcome | decision outcomes
timing

Coding Findings mapped to six LEDGER constructs with | Two coders; disagreements logged and resolved by
mechanism, context, outcome and harm fields discussion

Adjudication Conflicts weighed by design strength, outcome | Null and adverse findings retained and reported in
proximity and population match Table 2

Backward and forward citation chasing supplements every stage; each exclusion keeps a coded reason

Scopus, Web of Science, ACM Digital Library, IEEE Xplore,
SSRN and EconlLit; regulator, central bank and OECD
reports; window January 2005 to December 2025

Identification

o Contradiction
~ adjudication (Table 2)

Title and abstract, then full text: household unit of
analysis; dashboard, aggregator or visual decision aid;
a measured finance or tax decision outcome

Screening

Design-specific checklist: comparator, timing of outcome
measurement, construct validity, attrition, incentive
alignment and conflict of interest

LEDGER construct

Appraisal matrix (Table 3)

Extraction to the six LEDGER constructs with mechanism,
context, outcome and harm fields; two coders,
disagreements logged and resolved by discussion

J Propositions P1 to P6
and validation design

Contradictions weighed by design strength, outcome
proximity and population; null and adverse results —
retained in the synthesis

Adjudication

Figure 1. Review workflow from identification to adjudication and the three analytical outputs

Figure 1 makes explicit that the three outputs of the review, the contradiction adjudication, the construct matrix and the
propositions, all derive from the adjudication stage rather than from any single included study. This sequencing matters
because several influential claims about household finance applications rest on user surveys conducted by providers, which
would dominate a synthesis that weighted sources by volume. Placing appraisal before coding ensures that each construct in
the framework is anchored to the strongest available evidence for its mechanism, and that analogical evidence from
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organizational business intelligence is labeled as such when it informs a design property (Dada et al., 2021a; Hevner et al.,
2004).

4 Evidence Synthesis

The synthesis is organized by the decision pipeline a household dashboard implements: data are gathered and reconciled,
encoded visually, framed relative to goals and categories, linked to action, qualified by uncertainty, and governed by consent.
Each subsection reports what the evidence supports, where it is thin, and where it conflicts. A recurring observation is that the
strongest evidence concerns individual mechanisms studied in isolation, such as reminders, defaults or chart types, whereas
the weakest concerns integrated dashboards evaluated against household outcomes, which is the level at which products are
sold (Miller et al., 2015; Tonoyan et al., 2024b). The subsections therefore distinguish, wherever the evidence allows, between
findings about isolated mechanisms and findings about whole products, and between proximate outcomes such as
comprehension and distal outcomes such as fees, penalties and savings balances (Sanni et al., 2022).

4.1 Aggregation, Categorization and Reconciliation

Every downstream display inherits the errors of aggregation. Consumer aggregators historically relied on screen scraping, in
which the consumer supplied online banking credentials and the aggregator logged in on their behalf; open banking regimes
have progressively replaced this with token-based application programming interfaces, under the revised Payment Services
Directive in the European Union, the Open Banking implementation in the United Kingdom, and the personal financial data
rights rule adopted in the United States in 2024. Token-based access improves security and consent granularity, but coverage
remains uneven: pension accounts, employer equity plans, cash, informal loans and tax authority balances are often outside
scope, so a het-worth figure can be precise and still materially incomplete (Mbonu et al., 2021a; World Bank, 2014).

Transaction categorization introduces a second error layer. Rule-based and machine-learned classifiers assign merchants to
spending categories, but transfers between a household's own accounts, peer-to-peer payments, refunds and split purchases are
routinely misclassified, and a transfer counted twice as spending distorts budgets and savings rates. Reconciliation, the
matching of flows across accounts so that internal transfers net to zero, is a standard control in organizational finance and
closes this gap, yet it is rarely described in consumer products (Dogbatsey et al., 2019; Oyeleye et al., 2025). Anomaly
detection on household transaction series can flag duplicated charges, unexpected subscription renewals or fraudulent activity,
but its false alarm rate must be low enough that users do not habituate, a problem well documented in industrial alarm
management where excessive nuisance alarms degrade operator response (Atakpa et al., 2023; Ekelemu, 2025a).

The evidence therefore supports a design requirement rather than a feature: each displayed aggregate should be traceable to the
transactions and accounts that produce it, with coverage disclosed. Traceability between requirements, data and outputs is a
mature discipline in systems engineering, where bidirectional links let an analyst move from a reported figure to its sources
and back (Gotel et al., 1994; Ramesh et al., 2001; Cleland-Huang et al., 2012). Transposed to household dashboards,
traceability means that a user who doubts a savings rate can see which flows were counted, and that the provider can test the
calculation engine against known ledgers. Automated recovery of such links is imperfect even in software repositories, which
suggests that consumer systems should record lineage at ingestion rather than infer it afterward (De Lucia et al., 2007; Aliliele
et al., 2024a).

4.2 Visual Encodings for Cash Flow, Debt and Savings

Household decisions involve three recurring quantitative questions: how the balance will evolve over the coming weeks, how
the cost of debt compares across options, and how saving accumulates toward a target. Each maps onto a different encoding
problem. Cash-flow trajectory is a time series, best shown as a line or step chart of projected balance with scheduled
obligations marked on the time axis; stacked area charts of inflows and outflows are common but make the net position hard to
read. Debt comparison is a ranking problem, best served by sorted bars of effective annual cost or total interest to payoff,
whereas the common practice of listing balances with minimum payments emphasizes the least decision-relevant quantity.
Savings progress is a part-to-whole problem where a single bar against a target outperforms circular progress rings for
magnitude judgments (Ogbole et al., 2021; Filani et al., 2023).

Debt displays deserve particular attention because the evidence on debt literacy is discouraging. Many consumers cannot
compute how long it will take to repay a balance at a given payment, and many underestimate the effect of compounding,
patterns that are associated with higher fees and more expensive borrowing (Lusardi et al., 2015). Disclosure reforms that
show the time and total cost of paying only the minimum have shifted some repayment behavior, but the shifts are modest and
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concentrated among borrowers who were already paying near the minimum. A dashboard can go further by simulating
alternative payments interactively, showing the months saved and interest avoided for each additional unit paid, and by
ranking debts under both the highest-rate-first rule, which minimizes cost, and the smallest-balance-first rule, which some
households find easier to sustain (Brown et al., 2016; Filani et al., 2023). Showing both, with the cost difference stated,
respects the household's own trade-off between cost and motivation rather than imposing one.

The evidence on display density is mixed and is taken up in Section 4.6. Organizational studies of key performance indicator
dashboards find that executives benefit from a small number of well-defined indicators with thresholds and owners, and that
proliferating indicators dilutes attention (Sakyi et al., 2022b; Sanni et al., 2021b). Conceptual work on performance
dashboards in operations management likewise ties their value to leadership visibility over a few decision-relevant measures,
rather than to the volume of data on display (Ezeako et al., 2024). Household evidence points in the same direction for novice
users but not for engaged ones, who explore detail and value drill-down. A layered design, with a small overview answering
what needs attention this week and optional depth beneath, is the design most consistent with both findings, although it has
rarely been tested head to head against flat alternatives (Tonoyan et al., 2023; Akanbi et al., 2024).

4.3 Behavioral Design: Mental Accounts, Commitment and Nudges

Digital channels have made several behavioral interventions cheap to deliver. Reminders timed before a payment due date
reduce late fees; defaults that enroll a household in automatic saving raise participation far more than equivalent information;
commitment devices that restrict withdrawals attract a subset of users who recognize their own present bias; and labeled sub-
accounts for goals increase balances held for those goals. The consistent lesson is that interventions acting at the moment of
choice, or that remove the need for a future choice, outperform interventions that deliver information and rely on the user to
act later (Fobellah, 2025a; Xiao et al., 2016). This is exactly the prediction of the quasi-hyperbolic model in Section 2.1.

Financial education provides a useful contrast. Meta-analytic evidence indicates that education and counseling interventions
improve some behaviors, notably saving and record keeping, while effects on other outcomes such as loan default are weaker
and less consistent, and effects decay over time (Miller et al., 2015). State-mandated financial education for young people has
been associated with improved credit behavior and lower delinquency, suggesting that education delivered at scale and close
to the first borrowing decisions can matter (Brown et al., 2016). A field experiment with microentrepreneurs found that simple
rules of thumb, such as keeping business and household money in separate drawers, improved financial practices more than
standard accounting training (Drexler et al., 2014). Together these results imply that a dashboard's value may lie less in
teaching and more in embedding good rules into the default structure of the display, for example by automatically separating a
tax reserve from spendable balance for a self-employed user (Anichukwueze et al., 2022; Amarahobu et al., 2025a).

Behavioral design has documented limits. Nudges that work in one population may not transfer, effects measured over weeks
may fade over years, and reminders sent too often produce habituation. There is also an ethical boundary: a dashboard
operated by a lender or a product seller faces incentives to nudge toward its own products, and the same salience techniques
that promote saving can promote spending or credit use. Consumer complaint data are a useful early signal of such misuse, in
the way that complaint streams have been used to detect systemic risk in regulated service industries (Adeyelu, 2018;
Fobellah, 2025c). The framework therefore treats guided action as a construct whose effect sign is an empirical question, and
pairs it with harm monitoring in the validation design (Obriki et al., 2025).

4.4 Tax Views: Withholding, Estimated Payments and Readiness

Tax management is the part of household finance where dashboards are least studied and potentially most useful. In the United
States, employees adjust withholding through a certificate filed with the employer, while self-employed and investment
income generally requires quarterly estimated payments; an underpayment penalty applies unless payments meet safe-harbor
tests, which for most filers require paying at least 90 percent of the current year's tax or 100 percent of the prior year's tax,
rising to 110 percent for higher incomes. Other jurisdictions differ in mechanics, but the decision structure is similar: the
household must forecast an annual liability from partial information and decide how much to set aside or prepay (Bola-Sadipe
et al., 2022; Alm, 2019).

A tax view can support this decision in three ways. First, it can project year-end liability from year-to-date income and
withholding, flagging when a second job, a bonus, or a capital gain has moved the household off its expected path. Second, it
can translate the projection into the safe-harbor test, which is the decision-relevant quantity: the household needs to know not
only the estimated liability but whether its current payments protect it from penalty. Third, it can schedule the cash required,
linking tax payments to the cash-flow projection so that a quarterly payment does not collide with rent. The worked scenario
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in Section 5.3 illustrates the third function. None of these functions eliminates uncertainty, since income may change and
credits may phase in or out, so each projection should carry an interval and the assumptions behind it (Wedraogo et al., 2024;
Komi, 2023).

Fiscal psychology adds a caution. Because many households value refunds as forced saving, a withholding optimizer that
minimizes overpayment may reduce welfare as the household perceives it, and may be overridden. A more defensible design
shows the refund the household is on track to receive, the cost of the implicit interest-free loan to the government, and an
alternative automatic saving arrangement that would preserve the commitment benefit, leaving the choice explicit (Kirchler,
2007). Tax rules are also complex and change annually, so the calculation engine is a regression-testing problem: every rule
change must be verified against a suite of known household cases, and coverage of edge cases such as phase-out thresholds
matters more than coverage of common ones (Ammann et al., 2016; Myers et al., 2011; Kaner et al., 1999).

4.5 Privacy, Consent and Data Rights

Household dashboards concentrate the most revealing data a household produces. Transaction streams disclose health
providers, religious donations, political contributions, location patterns and relationship changes, and tax records add income,
dependants and filing status. Privacy harm can arise from breach, from secondary use by the provider or its partners, or from
inference, as when spending patterns are used to predict creditworthiness or vulnerability. Privacy-by-design principles, role-
based access control, data minimization and purpose limitation are well specified for enterprise systems handling personal data
and transfer directly to consumer aggregators (Badmus et al., 2024; Ladapo et al., 2023b; Mbonu et al., 2018).

The evidence on how privacy concern affects dashboard use is instructive. Studies of digital services in health and finance
report that trust, transparency about data use, and perceived control are stronger predictors of continued use than abstract
privacy attitudes, and that users will share sensitive data when the benefit is concrete and the terms are understandable
(Akintola et al., 2025; Kumuyi et al., 2024b). Consent that is granular, revocable and visible, for instance a panel listing which
institutions are connected, which third parties receive data and when access expires, supports this control. Data protection
impact assessment and data sensitivity classification provide the governance scaffolding, and lakehouse architectures with data
loss prevention controls show how sensitive fields can be segregated from analytics workloads (Mbonu et al., 2022a; Aliliele
et al., 2025b).

Security threats are not hypothetical. Credential sharing under screen scraping exposed households to account takeover; token
architectures reduce but do not remove this risk, and the addition of conversational assistants that can act on a user's behalf
introduces new vectors such as prompt injection and tool misuse (Nwakamma et al., 2024b). Zero-trust principles, continuous
control monitoring and quantified risk reporting, developed for critical infrastructure, offer a model for how a provider should
evidence its controls to regulators and users (Ahmed et al., 2021; Adebayo et al., 2025; Adegbite et al., 2025). Device-level
risks also matter because household dashboards are consumed on personal phones shared among family members, a pattern
analogous to bring-your-own-device risks documented in institutional settings (Onche et al., 2023; Jimoh et al., 2024). Where
learning from multiple households is needed, federated approaches can keep raw transactions on the device or with the data
holder (Sanni et al., 2023).

4.6 Adjudicating Conflicting Findings

Five contradictions recur in the evidence, and each bears directly on design. Table 2 states each question, the evidence on each
side, and the adjudication reached under the rules in Section 3.3. The first concerns display density. Organizational KPI
research and cognitive load theory favor few indicators, while engagement data from personal finance applications show that
active users explore detailed views. The adjudication is that density should be layered and conditional on literacy, because the
engagement evidence is observational and dominated by self-selected, higher-literacy users (Sakyi et al., 2022b; Tonoyan et
al., 2024b).

The second contradiction concerns whether dashboards improve outcomes at all. Cross-sectional studies associate aggregator
use with lower fees and higher saving, but the households that adopt such tools differ systematically from those that do not, so
the association cannot be read causally. Experimental evidence on specific features such as alerts and reminders is more
favorable than evidence on the full dashboard, which suggests that effects are concentrated in action-linked features. Cross-
sectional risk indices in other fields face the same limitation, where an association between a composite marker and estimated
risk does not establish that changing the marker changes the risk (Amadi et al., 2025; Easterbrook et al., 2008). The third
contradiction concerns rules versus information: the rules-of-thumb evidence favors simple embedded heuristics for low-

120




International Journal of Science, Technology and Society | Vol. 9, No. 3, 2025

literacy users, while financial capability research favors building understanding (Drexler et al., 2014; Xiao et al., 2016). The
adjudication is that both can be served by defaults that embed a rule with an explanation available on demand.

The fourth contradiction concerns uncertainty display. Showing intervals should support calibrated reliance, but some users
read intervals as noise and fall back on the central estimate, or interpret wide intervals as a sign of low quality and disengage.
The weight of experimental evidence from forecast communication favors showing uncertainty in formats that express
frequency, such as counts of simulated outcomes, over abstract intervals, particularly for lower-numeracy users (Wedraogo et
al., 2024; llodigwe et al., 2024a). The fifth contradiction concerns fairness: forecasting and categorization models that are
accurate on average can be systematically less accurate for households with irregular income, which are precisely those most
exposed to shortfalls, so aggregate accuracy metrics can mask inequitable error (Komi, 2023; Uchechi et al., 2022).

Table 2. Conflicting findings on household dashboard design and their adjudication

categorization accuracy is high

irregular-income households

Question Evidence favoring Evidence against or qualifying Adjudication used in LEDGER

Do more indicators | Engaged users explore detail; drill- | KPI and cognitive load research: | Layered overview with optional

help? down valued in usage logs few indicators with thresholds | depth; density conditioned on
improve attention literacy

Do dashboards | Users show lower fees and higher | Selection into use; feature-level | Effects attributed to action-linked

improve outcomes? saving in cross-sectional data experiments stronger than whole- | features; whole-product claims
product evidence need experiments

Rules or | Rules of thumb outperform | Capability gains require | Embed rules as defaults with

understanding? accounting training for low- | understanding that transfers to new | explanation on demand

literacy users decisions

Should uncertainty be | Intervals support calibrated | Some users ignore or distrust | Frequency formats and threshold

shown? reliance on forecasts intervals; wide bands reduce | probabilities rather than bare
engagement intervals

Is accuracy enough? Aggregate forecast and | Error concentrated among | Report error by income-volatility

stratum; set per-stratum thresholds

The adjudications in Table 2 share a pattern. In each case the apparent conflict dissolves when the population and the outcome
are specified: evidence that favors a feature typically comes from engaged, higher-literacy users and proximate outcomes such
as comprehension, while evidence that qualifies it comes from harder-to-reach households and distal outcomes such as fees or
penalties. This pattern is consistent with the broader finding that interventions which appear effective in average terms can
widen gaps when uptake is unequal, a concern raised in research on diversity and heterogeneous team performance and in
household economic stability studies (Amayo et al., 2023c; Jones et al., 2021). It motivates the moderators in the framework
that follows.

5 The LEDGER Framework

The LEDGER framework translates the synthesis into six design constructs, three mediating states and three household
outcomes, with moderators and a harm path. Its name is an acronym of the constructs: linked, reconciled data (L); encoding fit
and literacy (E); decision anchoring through mental accounts and planning horizon (D); guided action and nudges (G);
exposed uncertainty (E); and rights over data (R). The constructs are not a maturity sequence and are not additive; the
framework predicts interactions, for example that guided action without exposed uncertainty raises over-reliance, and that
encoding fit matters more for low-literacy users. Figure 2 shows the structure and Table 3 operationalizes each construct
(Hevner et al., 2004; Arumosoye et al., 2021).

5.1 Constructs and Measurement

Each construct is defined by what it changes in the household's information environment and is measured by an indicator that
can be computed from system logs or an experimental task, rather than by user perception alone. Linked data is measured by
coverage (the share of the household's balance sheet and cash flows captured) and by reconciliation error (the share of internal
transfers misclassified as income or spending). Encoding fit is measured by task accuracy on standard chart-reading items
using the dashboard's own encodings, stratified by the user's visualization literacy. Decision anchoring is measured by whether
the display places each decision relative to a stated goal and horizon, and by the rate at which users make cross-account moves
that reduce total cost. Guided action is measured by the share of prompts that link to an executable step and by prompt-to-
action conversion within a defined window. Exposed uncertainty is measured by calibration of the user's probability
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judgments against the model's outcomes. Rights over data are measured by consent granularity, the time to revoke access, and
the proportion of users who can correctly state which parties receive their data (Netemeyer et al., 2018; Sakyi et al., 2022b).

Table 3. LEDGER constructs, indicators, failure signals and design responses

Construct

Operational indicator

Failure signal

Design response

L: Linked, reconciled
data

Balance-sheet coverage; internal-
transfer  misclassification rate;
lineage available per aggregate

Net worth or savings rate shifts
when a transfer is recategorized

reconcile
source

Disclose  coverage;
before display; show
transactions on demand

E: Encoding fit and
literacy

Chart-task accuracy with the
product's encodings, by literacy
tercile

Accuracy gap between literacy
terciles exceeds a set tolerance

Replace angle and area encodings
with position; add plain-language
readouts

D: Decision anchoring

Share of views anchored to a goal
and horizon; rate of cost-reducing
cross-account moves

Idle savings coexist with revolving
high-cost debt

Consolidated trade-off  view
showing the net cost of the current
allocation

G: Guided action and
nudges

Share of prompts linked to an
executable step; prompt-to-action

High prompt volume with falling
conversion (habituation)

Throttle prompts; tie each to one
action; audit prompts for seller

conversion within seven days conflict

shortfall
forecast

Users treat central estimates as
guarantees; intervals miscalibrated

Brier score of users'
probability judgments;
interval coverage

Consent granularity; median time
to revoke; accuracy of users' data-
sharing beliefs

Frequency-format uncertainty;
state assumptions; publish error
history

E: Exposed uncertainty

R: Rights over data Users cannot name recipients of

their data; revocation buried

Consent dashboard with expiry;
minimization; per-purpose toggles

Design constructs Mediating states Household outcomes

Feedback: observed errors and outcomes revise categories, thresholds and prompts

L Linked, reconciled data

Accurate comprehension
of position and trajectory

Decision quality
(dominance, error cost)
E Encoding fit and literacy

D Decision anchoring
(mental accounts, horizon)
\ Calibrated reliance
on estimates

Tax readiness
(estimate error, penalties)

G Guided action and nudges

E Exposed uncertainty
Timely, intended
p— action

Financial well-being
and resilience

R Rights over data ~

Iy ~~.

Moderators: visualization literacy, income volatility,
household complexity, tax-filing complexity

Harm when constructs fail:
over-reliance, false precision,
data misuse

Figure 2. The LEDGER framework linking six design constructs to mediating states and household outcomes, with moderators, harm path
and feedback

Figure 2 separates the mediating states from the outcomes because the evidence in Section 4 shows that dashboards often
move the former without moving the latter. Accurate comprehension of position and trajectory is necessary for good decisions
but not sufficient; calibrated reliance on estimates is necessary for tax readiness because tax projections are uncertain; and
timely, intended action is the route through which information changes financial well-being. The feedback path indicates that
observed errors, such as recategorized transactions or ignored prompts, should revise the categories, thresholds and prompts
themselves, which is how learning organizations use near-miss data to improve controls (Arumosoye et al., 2019; Obriki et al.,
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2019). The harm path makes explicit that each construct, if poorly implemented, has a failure mode that the evaluation must
detect.

5.2 Formal Decision-Quality Metrics

Decision quality should be measured against a normative benchmark where one exists and against the household's own stated
goals where it does not. Four metrics follow from the synthesis. The first is the dominance error rate. In a task where one
option is better on every dimension the household cares about, such as repaying a 24 percent card balance rather than holding
the same sum in a 1 percent savings account while an emergency buffer is already funded, choosing the dominated option is an
unambiguous error. Across a set of N tasks with dominance structure, the rate is DER = (1/N) X i I[choice_i is dominated].
Dominance tasks avoid imposing a particular utility function while still identifying clear mistakes (Drexler et al., 2014; Li et
al., 2007).

The second metric is the expected cost of decision error. For tasks where the cost-minimizing choice is known, such as
selecting which debt to prepay, the cost of error is ECE = (1/N) X i [C(a_i) — C(a_i*)], where C(a_i) is the total cost of the
chosen action and C(a_i*) is the cost of the optimal action, both computed over a stated horizon. ECE weights errors by their
financial consequence, so a dashboard that eliminates small errors but not large ones will score poorly. The third metric is the
Brier score of probabilistic judgments. Users are asked for the probability that their balance will fall below a buffer within a
stated period; with judged probability p_i and realized outcome o_i in {0,1} across simulated or observed episodes, BS =
(1/N) X i (p_i— o_1)"2, and lower scores indicate better calibrated beliefs. The Brier score can be decomposed into reliability,
resolution and uncertainty components, which distinguishes users who are poorly calibrated from those who simply cannot
discriminate risky from safe periods (Wedraogo et al., 2024; Atakpa et al., 2023).

The fourth metric is tax estimate error relative to the safe harbor. Let T be the realized annual liability, T_hat the household's
estimate at a given date, and P the payments made or scheduled. The absolute percentage error [T hat — T| / T measures
estimation accuracy, but the decision-relevant indicator is whether P meets the applicable safe-harbor threshold, an indicator
SH = 1[P > min(0.9 T, k T prior)], where k is 1.0 or 1.1 depending on prior-year income and T_prior is the prior year's
liability. A tax view succeeds when it raises the share of households meeting SH without inducing large overpayments, so both
SH and the overpayment ratio (P — T) / T should be reported (Bola-Sadipe et al., 2022; Catal et al., 2013). These four metrics
complement, rather than replace, validated self-report scales of perceived financial well-being, which capture the household's
own evaluation of stress and future security (Netemeyer et al., 2018).

5.3 Worked Scenario: A Variable-Income Household

Consider a household with a biweekly salary, additional gig income that varies from week to week, occasional lumpy
expenses such as car repairs, and quarterly estimated tax payments on the gig income. Figure 3 shows a simulated projection
of this household's combined checking and savings balance over a tax year, constructed from 4,000 Monte Carlo paths with
normally distributed weekly shocks and randomly timed lumpy expenses. The figure is illustrative and does not describe a real
household. The median path rises between tax payments and drops at each quarterly payment. The 90 percent interval widens
over time as uncertainty accumulates, and the probability that the balance falls below a 1,500-dollar buffer first exceeds 10
percent in the week of the second estimated payment (Filani et al., 2023; Aminu-lbrahim et al., 2025b).
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Figure 3. lllustrative projected balance for a simulated variable-income household, with 50 and 90 percent intervals, quarterly estimated tax
payments and a buffer threshold

The scenario clarifies what each LEDGER construct contributes. Without linked data the gig income would be missing from
the projection, and without reconciliation a transfer to savings would appear as spending. With a single-line forecast the
household would see a comfortable median and no warning; the exposed-uncertainty construct converts the interval into a
decision-relevant quantity, namely the week in which shortfall risk becomes material. Decision anchoring places the tax
payment inside the household's cash-flow view rather than in a separate tax tile, so the collision between the payment and a
low-balance week is visible. Guided action then offers concrete responses, such as moving part of the third-quarter payment
earlier while the balance is high, raising withholding on the salary to reduce the estimated payments, or building the buffer
from the next two paychecks, each with its effect on shortfall probability shown. Rights over data determine whether the
household was willing to connect the gig platform in the first place (Aminu-lbrahim et al., 2025a; Ekelemu et al., 2025b).

The scenario also shows a trade-off that aggregate metrics conceal. A forecasting model trained mainly on salaried households
will understate variance for this household, narrowing the interval and delaying the warning. Its average error across all users
may still look acceptable, which is the fairness concern raised in Section 4.6. Reporting calibration separately for strata of
income volatility is therefore part of the framework, not an optional refinement (Komi, 2023; Aminu-Ibrahim et al., 2025c).

5.4 Propositions and Tests

Six propositions follow. Each names the comparison that would test it and the result that would count against it. P1 (encoding
fit): among households in the lowest visualization-literacy tercile, dashboards using position encodings for spending, debt and
savings will produce lower dominance error rates than dashboards using angle, area and color encodings for the same data; the
difference will be smaller in the highest tercile. The proposition is refuted if the encoding effect does not differ by literacy or
favors the compact encodings. P2 (exposed uncertainty): frequency-format uncertainty displays will produce lower Brier
scores for shortfall judgments than single-line forecasts, without increasing time on task by more than a pre-specified margin.
It is refuted if Brier scores do not improve or if users disengage. P3 (guided action): prompts linked to an executable action
will produce higher seven-day action rates and lower expected cost of error than equivalent warnings without an action link
(Ajzen, 1991; Eze et al., 2024b).

P4 (interaction): the benefit of guided action on expected cost of error will be smaller, and over-reliance on erroneous
recommendations will be larger, when uncertainty is not exposed; the test is a factorial contrast in which some
recommendations deliberately contain planted errors and acceptance of erroneous recommendations is measured. P5 (tax
readiness): in field use, households with a tax view that expresses projections relative to the safe-harbor threshold will meet
the threshold more often than comparable households with a liability estimate alone, without a larger overpayment ratio. It is
refuted if safe-harbor attainment does not rise or rises only through large overpayment. P6 (rights over data): households given
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a granular, revocable consent panel will connect more accounts and revoke less often than households given an all-or-nothing
consent flow, because perceived control raises willingness to share when the benefit is concrete. It is refuted if granular
consent reduces coverage or leaves revocation unchanged (Kumuyi et al., 2024b; Akhigbe et al., 2025). Each proposition
permits a null or adverse result, and the validation design below is built to detect both (llodigwe et al., 2024b).

6 Validation Design

The propositions call for two kinds of evidence: controlled comparisons of display variants on tasks where the normative
answer is known, and field evidence that effects survive real accounts, real stakes and the passage of time. The design in
Figure 4 combines the two in sequence, so that only variants that pass the laboratory stage proceed to the field, which reduces
the cost and risk of field deployment. The approach follows design science practice in treating the framework as an artifact to
be evaluated against explicit criteria, and follows longitudinal evaluation practice in measuring whether early gains persist
(Wieringa, 2014; Onwuzulike et al., 2024).

6.1 Stage 1: Randomized Decision Experiment

Stage 1 recruits an online panel stratified by visualization literacy and by self-reported income volatility, and assigns
participants at random to one of four display arms operating on identical synthetic household ledgers: a tabular statement
(control), the full LEDGER dashboard, the dashboard without uncertainty bands, and the dashboard without action-linked
prompts. Participants complete a battery of tasks with known normative answers, including debt prioritization, buffer
adequacy, a cross-account allocation with a dominated option, and a safe-harbor judgment for a projected tax liability.
Outcomes are the dominance error rate, expected cost of error, Brier score for shortfall probability judgments, safe-harbor
choice accuracy and time on task. Incentives tied to task accuracy reduce the gap between stated and revealed choice. Some
recommendations contain planted errors to measure over-reliance, as required by P4. The planned contrasts are the full
dashboard against control, against the no-uncertainty arm and against the no-prompt arm, with literacy as a pre-registered
moderator (Oluwadele et al., 2025; Daka et al., 2014).

Several design details protect the inferences drawn from Stage 1. The synthetic ledgers are generated from parameterized
templates so that each participant sees a household of the same structure with different surface details, which prevents
memorization and allows the normative answer to be computed exactly for every task. Task order is counterbalanced, and
attention checks are embedded in the ledgers rather than presented as separate items. Power is planned for the literacy
interaction in P1, which is the smallest effect of interest, rather than for the main effects, because an interaction powered only
for main effects will usually be missed. Visualization literacy is measured before assignment with a short standardized chart-
reading instrument, and financial literacy with the established items on interest, inflation and diversification, so that the two
moderators can be separated (Atkinson et al., 2012; Obogo et al., 2019).

6.2 Stage 2: Stepped-Wedge Field Evaluation

Stage 2 deploys the surviving design to consenting households who connect their own accounts. A stepped-wedge design rolls
out the LEDGER dashboard to successive waves of households at randomized times, so that every wave eventually receives it
and each wave serves as a control for the others before crossover. This design is ethically attractive when the intervention is
expected to help and all participants will eventually receive it, and it allows secular trends such as tax-season effects to be
separated from the intervention effect. Behavioral outcomes are drawn from account data: overdraft and late-fee incidence, the
number of days on which the balance exceeds the household's buffer, and, after filing, whether an underpayment penalty was
incurred. Harm outcomes are monitored in parallel: consent revocations, reported data errors, complaints, and prompt
acceptance for products sold by the provider. Process tracing links each prompt exposure to subsequent actions so that effects
can be attributed to mechanisms rather than inferred from outcomes alone (Arumosoye et al., 2023; Obogo et al., 2019b; Sanni
et al., 2025).
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Figure 4. Two-stage validation design: a four-arm randomized decision experiment followed by a stepped-wedge field evaluation with
parallel harm monitoring

Figure 4 shows that Stage 1 tests P1 to P4, where the normative answer is known and the display can be manipulated cleanly,
and Stage 2 tests P5 and P6, which require real tax outcomes and real consent choices. The dotted link between the stages
expresses a stopping rule: an arm that fails to reduce errors in Stage 1, or that increases acceptance of erroneous
recommendations, does not proceed to households' real accounts. Continuous monitoring of the harm indicators during Stage
2, with predefined thresholds that pause rollout, applies the logic of leading indicators used in safety management to consumer
financial risk (Obriki et al., 2025; Obogo et al., 2019a).

6.3 Threats to Validity

Each stage faces threats that a larger sample would not repair, and Table 4 lists those specific to household dashboard research
together with the mitigation adopted. Construct threats arise because comprehension and decision quality can be conflated
with familiarity: users of a given application will perform better on its encodings regardless of their merit. Internal threats in
the field stage include tax-season seasonality and concurrent changes in income. External threats arise because online panels
over-represent digitally confident users, and because tax rules differ across jurisdictions. Ethical threats include the possibility
that the evaluation itself exposes data or nudges participants toward costly choices (Runeson et al., 2009; Mairiza et al., 2010;
Fadayomi et al., 2019).

Table 4. Threats to validity in evaluating household financial dashboards and mitigations

Validity type Threat specific to household dashboards Mitigation in the validation design

Construct Prior familiarity with a product's encodings inflates | Novel synthetic ledgers; dominance and cost-of-
comprehension scores; satisfaction mistaken for | error tasks with known answers; satisfaction
decision quality reported separately

Internal Tax-season and paycheck-cycle effects coincide | Stepped-wedge randomization of timing; calendar
with rollout; income shocks confound behavior | fixed effects; income change recorded as covariate
change

External Online panels over-represent high-literacy, stable- | Stratified recruitment by literacy and volatility; tax
income users; safe-harbor rules are jurisdiction | tasks parameterized by jurisdiction
specific

Statistical conclusion Rare outcomes such as underpayment penalties give | Pre-registered primary outcomes; pooled penalty
low power; many outcomes invite selective

126




International Journal of Science, Technology and Society | Vol. 9, No. 3, 2025

Validity type Threat specific to household dashboards Mitigation in the validation design
reporting and fee incidence; report all arms and nulls
Ethical Field arm exposes sensitive data or steers | Data minimization and on-device processing;
households toward provider products independent prompt audit; pause thresholds on
harm indicators

The mitigations in Table 4 are not exhaustive, but they target the threats most likely to produce a misleading positive result.
The use of synthetic ledgers in Stage 1 removes both privacy exposure and familiarity effects while allowing exact
computation of the normative answer. The independent audit of prompts in Stage 2 addresses the concern that a provider's
commercial incentives could shape the guided-action construct. Recording implementation fidelity, including whether
households actually saw each prompt, is necessary for distinguishing a failed mechanism from a mechanism that never
operated (Borah et al., 2022; Zhu et al., 1997; Ogbete et al., 2023).

7 Discussion

The review set out to identify which dashboard design properties improve household financial decisions, when they fail, and
how decision quality should be measured. Its answer is that the value of a household dashboard lies in a small number of
properties that act on the decision itself: reconciled data, encodings the user can decode, anchoring of choices to goals and
horizons, prompts linked to action, uncertainty expressed in usable form, and control over data. The following subsections
consider what this implies for theory and practice, the strongest counter-arguments, and the limits of the review (Hevner et al.,
2004; Filani et al., 2022).

7.1 Theoretical Implications

The review has three implications for theory. First, it suggests that behavioral household finance and visual analytics should be
treated as a single explanatory system for dashboard effects. Present bias predicts that information delivered away from the
moment of choice will be discounted; graphical perception predicts that information delivered at the moment of choice will be
misread if poorly encoded. Neither theory alone explains why a well-encoded monthly report fails, or why a timely prompt
with a misleading chart succeeds only among expert users. Second, it extends fiscal psychology to the interface: the slippery
slope framework'’s distinction between power and trust can be observed in how a tax projection frames the authority, and in
whether households treat an estimated liability as a threat or a plan (Kirchler, 2007; Alm, 2019).

Third, the framework reframes financial capability as partly a property of the household's information environment rather than
only of the individual. Capability research has measured knowledge and skill, and education research has tried to raise them,
with modest and decaying effects (Miller et al., 2015; Xiao et al., 2016). If appropriately designed displays and defaults reduce
decision errors among households whose knowledge is unchanged, then capability is co-produced by person and environment,
and measures of literacy alone will understate the capability that a well-designed environment supports. This is analogous to
how organizational performance depends on the design of reporting systems and control routines, not only on the skill of
individual managers (Akhigbe et al., 2025; Falemi et al., 2024; Obogo et al., 2023).

7.2 Practical Implications

For providers, the most direct implication is to evaluate dashboards by decision quality and harm incidence rather than by
engagement. Session counts and feature adoption are easy to measure and easy to raise, but they reward designs that attract
attention rather than designs that improve decisions. A provider applying LEDGER would publish coverage and reconciliation
error, test chart comprehension across literacy strata before release, attach each alert to a single executable action, show
uncertainty for every forecast and tax projection, and offer a consent panel with expiry. Tax calculation engines should be
subject to regression testing against a maintained suite of household cases whenever rules change, following established
software testing processes (ISO/IEC/IEEE, 2018; Ammann et al., 2016; Eyetsemitan et al., 2023b).

For regulators and consumer protection bodies, the framework suggests supervisory questions. Does the provider disclose
which accounts are outside coverage? Are prompts audited for conflicts with the provider's own products? Can a user revoke
access in a single step? Are forecasting errors reported for irregular-income households separately? Where dashboards employ
machine learning to categorize transactions or recommend actions, emerging artificial intelligence regulation that classifies
creditworthiness assessment as high risk provides a template for documentation and human oversight obligations (Ominyi et
al., 2024b; Ominyi et al., 2025a). For tax authorities, the framework suggests collaboration with software providers on year-
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round projection tools, since reducing misestimation reduces both penalties and administrative cost, and because trust-building
interactions support voluntary compliance (Kirchler, 2007; Uchechi et al., 2018).

7.3 Counter-Arguments and Boundary Conditions

Three objections follow naturally from the household setting. The first is that households with the greatest need, those with
low and volatile incomes, have the least slack to act on any display, so dashboards will mostly benefit households that were
already doing well. The evidence partly supports this, which is why income volatility is a moderator and why P5 and the field
outcomes are stratified. It does not follow that dashboards are useless for constrained households: for them, a well-timed
warning of a shortfall can prevent an overdraft fee that is large relative to income, so the marginal value of information may be
highest where slack is lowest (World Bank, 2014; Lusardi et al., 2015).

The second counter-argument is that simpler interventions, such as an automatic transfer to savings or a text reminder before a
due date, capture most of the benefit at a fraction of the cost and privacy exposure. This is a serious rival explanation, and the
validation design includes a tabular control and a no-prompt arm partly to test it. If the full dashboard does not outperform a
reminder-plus-default baseline on decision quality, the framework would recommend the simpler design, and the constructs
would remain useful as a checklist for it (Drexler et al., 2014; Eze et al., 2022b). The third counter-argument is that the
framework assumes a single decision-maker, whereas many households share finances across partners with different goals,
literacy and access. Shared dashboards can reduce information loss between partners, much as structured handovers reduce
information loss between work shifts, but they can also become instruments of financial control within a relationship, so
access design must allow private as well as shared views (Ekelemu, 2025b; Ogbete et al., 2018). The boundary conditions of
the framework follow from these points: it applies where households have digital access, where the relevant accounts can be
connected, and where at least some decisions are within the household's control.

7.4 Limitations and Future Research

The review has limitations. It is integrative rather than meta-analytic, so it does not estimate effect sizes, and its adjudications
reflect judgments about design strength and outcome proximity that other reviewers might weigh differently. The evidence
base is concentrated in high-income countries with mature open banking or aggregation infrastructure, and tax evidence is
dominated by a small number of jurisdictions, so transfer to settings with large informal sectors and cash economies is
uncertain. Much of the evidence on integrated consumer dashboards comes from providers, whose incentives favor positive
findings, and negative results are likely underreported. The propositions are untested, and the metrics, although grounded in
established methods, have not been validated together in a household dashboard study (Page, 2021; Dyba et al., 2008; Atta et
al., 2021).

Four directions for future research follow. First, the Stage 1 experiment should be run across jurisdictions with different tax
prepayment regimes, to test whether the safe-harbor framing generalizes. Second, longitudinal field studies should track
whether decision-quality gains persist beyond the first tax year, or decay as novelty fades, as financial education effects do.
Third, research should examine households whose finances are partly informal, such as those relying on remittances, rotating
savings groups or agricultural income, where aggregation coverage is inherently limited and where analytics has been
proposed to support decisions in adjacent domains (Michael et al., 2025c; Jones et al., 2021). Fourth, as conversational
assistants are embedded in financial applications, research should test whether natural-language explanations improve
calibration relative to visual uncertainty displays or instead increase over-reliance, and how such assistants can be protected
against manipulation (Nwakamma et al., 2024b; llodigwe et al., 2025a). Across all four, measuring organizational and
individual learning from errors, rather than only outcome levels, would reveal whether dashboards help households improve
their own decision rules over time (Arumosoye et al., 2024; Arumosoye et al., 2025; Obriki et al., 2020; Atta et al., 2022;
Ogbete et al., 2022).

8 Conclusion

Household financial dashboards can improve decisions, but only through specific properties that act on the decision itself. This
review has shown that reconciled data, perceptually efficient encodings matched to the user's visualization literacy, anchoring
of choices to goals and horizons, prompts that lead directly to action, uncertainty expressed in usable form, and genuine
control over personal data are the conditions under which aggregation and visualization translate into better cash-flow, debt,
saving and tax decisions. The LEDGER framework organizes these conditions into constructs that can be manipulated and
measured, and the proposed metrics, namely dominance errors, the expected cost of error, Brier-scored shortfall judgments
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and safe-harbor attainment, give providers, regulators and researchers a common basis for comparing designs. The six
propositions and the two-stage validation design specify how the framework can be confirmed or refuted. Judged by decision
quality and harm incidence rather than by engagement, household dashboards can become a dependable part of how families
plan, borrow, save and meet their tax obligations.
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