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| ABSTRACT

Mortgage underwriting in the United States still relies heavily on FICO-style bureau scores, debt-to-income ratios, and loan-to-
value cutoffs, even though default emerges from a broader system of household liquidity, neighborhood shocks, housing-
market conditions, and lender relationships. This paper develops a framework for improving mortgage default forecasting and
inclusive lending through multimodal graph neural networks (GNNs) enriched with urban mobility analytics. Drawing on
evidence from mortgage finance, credit scoring, housing economics, network science, and mobility research, the study argues
that FICO-centered pipelines understate both relational risk and place-based resilience. Borrowers with similar scores can face
different default hazards when commuting stability, job accessibility, local price volatility, and origination-channel exposures
differ. The paper synthesizes relevant sources and proposes an empirical design combining Freddie Mac loan-level performance
data, HMDA disclosures, FHFA house-price indices, American Community Survey neighborhood variables, and Census LEHD
commuting-flow measures. A heterogeneous graph architecture connects borrowers, loans, properties, tracts, lenders, and
employment-access nodes, while multimodal encoders fuse tabular, spatial, temporal, and network signals. The framework is
evaluated against logistic regression, gradient boosting, and non-graph deep learning baselines using discrimination, calibration,
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fairness, and prudent-inclusion metrics. The core contribution is a governance-aware blueprint for safer and fairer underwriting.
By treating bureau scores as one modality rather than the dominant lens, lenders can identify hidden resilience among thin-file
applicants and hidden fragility among superficially strong files. The paper concludes that multimodal GNN systems can
outperform FICO-dominant underwriting while supporting more inclusive, auditable mortgage credit allocation in the United
States.
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Table 1. Research gap and contribution summary

Literature stream What established work shows Gap addressed in this paper

Default reflects equity, liquidity,
Mortgage default economics and local shocks rather than
score alone.

Integrates these insights into a
single predictive architecture.

Adds regulated-lending
governance and inclusion
metrics.

ML often beats linear scorecards

Credit scoring ML .
g on nonlinear data.

Operationalizes tract-level and
house-price context in
underwriting.

Place and neighborhood

Spatial housing research . .
P g conditions shape risk and access.

Relational signals can improve Applies heterogeneous

Graph learning in finance loan prediction. mortgage-specific graph design.

Introduces mobility-derived
context as an underwriting
modality.

Accessibility affects resilience

Mobili lyti
obility analytics and adjustment capacity.

Introduction

Mortgage credit allocation in the United States still depends disproportionately on summary bureau scores,
especially FICO, even though both the mortgage crisis literature and post-crisis credit-scoring research show that
default is a dynamic outcome shaped by household liquidity, payment shocks, equity, labor-market disruptions,
housing-market cycles, and institutional frictions. FICO remains useful because it compresses historical repayment
behavior into an operationally convenient signal, but convenience has also hardened into overreliance. In
mortgage settings, the same score can map to very different underlying risk profiles when borrowers differ in job
accessibility, neighborhood volatility, commuting exposure, lender channel, or local foreclosure spillovers. A
borrower with a stable commute to a resilient employment center and modest house-price volatility may be
materially safer than a borrower with the same score who faces long travel times, thin transit alternatives, weak
local labor demand, and concentrated exposure to an originator or submarket experiencing correlated stress.

The empirical mortgage literature has long rejected one-factor explanations of default. Studies of negative equity,
recourse rules, payment resets, unemployment shocks, and principal reduction all show that mortgage distress
emerges from the interaction of balance-sheet incentives and ability-to-pay constraints rather than from static
borrower traits alone. At the same time, the credit-scoring literature has moved beyond linear scorecards toward
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ensemble machine learning, representation learning, and explainable Al. Yet most production lending pipelines
still treat applicants as independent rows in a table. That simplification is analytically costly. Mortgage risk
propagates through social and spatial dependence: neighboring properties respond to the same house-price
shocks, loans originated or serviced by the same firms may share underwriting tendencies, and commuting
patterns transmit place-based economic strain into household cash flow. Graph-based learning is therefore
attractive because it can model correlated exposure without discarding borrower-level heterogeneity.

This paper argues that mortgage default forecasting and inclusive lending can both be improved by moving
beyond FICO-centered tabular models toward multimodal graph neural networks enriched with urban mobility
analytics. The phrase “beyond FICO” is not used here to dismiss bureau scores; instead, it signals a reordering of
information priorities. Bureau variables should become one modality within a broader architecture that also
learns from property conditions, neighborhood context, lender relationships, temporal payment histories, and
mobility-derived measures of economic accessibility. Urban mobility analytics matter because travel patterns are
economically meaningful. Commute length, job reachability, transit redundancy, and local movement friction can
proxy cash-flow resilience, exposure to fuel and time costs, and the practical ability of households to adapt after
income shocks. These variables may be especially informative for borrowers whose formal credit files are thin,
newly established, or distorted by historical underbanking.

The paper makes three contributions. First, it synthesizes literature across mortgage economics, credit-risk
modeling, graph learning, mobility research, and financial inclusion to show why a multimodal relational approach
is theoretically coherent. Second, it proposes a concrete research design using public or research-accessible U.S.
data, including Freddie Mac loan-level performance data, HMDA disclosures, FHFA house-price indices, ACS tract
characteristics, and LEHD commuting flows. Third, it develops an evaluation framework that judges model quality
not just by AUC or delinquency capture but also by calibration, subgroup stability, adverse-impact diagnostics, and
prudent inclusion outcomes such as approval expansion at fixed expected loss.

The focus on inclusion is central. FICO-only decision rules can disproportionately disadvantage applicants with
sparse bureau histories, recent immigration-related credit invisibility, or nontraditional financial lives. Prior work
on alternative data and Al-enabled scoring suggests that richer information can widen access when models are
well governed. But richer information can also recreate inequities if contextual variables become proxies for
prohibited traits or if black-box systems mask unstable causal logic. For that reason, this paper treats predictive
performance and governance as inseparable. The aim is a blueprint for a mortgage forecasting system that is
more accurate, more context aware, and more justifiable to regulators and the public.

The emphasis on earlier data is deliberate. It avoids contamination from later market shifts and keeps the
framework anchored to sources that lenders, regulators, and researchers could have audited at the time. This
strengthens the paper’s practical relevance and makes the proposed design easier to replicate across institutions.

Literature Review

Research on mortgage default forecasting can be organized around five linked conversations: the economics of
default, the predictive modeling of consumer credit risk, the role of location and neighborhood context, the
emergence of graph-based financial learning, and the search for more inclusive underwriting signals. The first
conversation established that mortgage default is not reducible to poor borrower character or a low credit score.
Classic post-crisis work showed that negative equity matters, but not in isolation. Ghent and Kudlyak
demonstrated that legal recourse changes the borrower’s sensitivity to the default option. Foote, Gerardi, and
Willen emphasized the interaction of equity and payment capacity, while Elul and coauthors showed that liquidity
and local labor conditions shape transitions into serious delinquency. Gerardi, Herkenhoff, Ohanian, and Willen

later quantified the role of job loss and ability to pay, reinforcing the idea that mortgage distress is triggered by
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both incentive and cash-flow channels. Fuster and Willen’s evidence on payment size, and Scharlemann and
Shore’s evidence on principal reduction, further indicate that monthly affordability remains central even after
origination quality is controlled.

A second stream asks how to predict such outcomes more effectively. Traditional credit scoring relied on logistic
regression and scorecard engineering because these methods are auditable, parsimonious, and well suited to
regulated lending. Thomas, Crook, and Edelman framed the field, while Crook, Edelman, and Thomas reviewed
consumer credit risk as a decision science problem. Subsequent benchmarking work by Lessmann and colleagues
showed that machine-learning methods often improve discriminatory power over classical scorecards, especially
when nonlinearity and interaction effects are strong. Bellotti and Crook found that survival modeling and dynamic
information can outperform static frameworks in delinquency forecasting. Bequé and Lessmann reported
competitive results for extreme learning machines, and Dumitrescu and coauthors showed that modern machine
learning can materially improve over logistic regression when models are properly tuned and validated. These
studies collectively support the argument that mortgage risk should be treated as a high-dimensional prediction
task rather than a simple threshold rule.

Yet the credit-scoring literature also documents persistent trade-offs among accuracy, interpretability, and
fairness. Explainable Al methods such as SHAP and counterfactual analysis have become more common, but the
literature warns that post hoc explanation cannot fully substitute for sound feature design and governance. The
problem is especially acute in mortgage lending because protected-class concerns, fair-lending law, and public
scrutiny constrain the use of opaque or unstable models. This explains why lenders have been cautious even when
new algorithms outperform incumbent scorecards in retrospective tests. The literature therefore increasingly
emphasizes interpretable machine learning, challenger-model governance, monotonic constraints, and fairness
audits rather than predictive power alone.

A third conversation concerns geography. Housing economists have shown that mortgage risk is profoundly
spatial. Local house-price cycles, unemployment, foreclosure spillovers, and neighborhood disadvantage affect
both default incentives and loss severity. Ferreira, Gyourko, and Tracy documented the mobility effects of
negative equity, although Schulhofer-Wohl complicated the earlier lock-in narrative. Ross and Yinger, as well as
later Urban Institute work on mortgage accessibility, underscore that credit supply is geographically uneven. The
HMDA literature consistently shows place-sensitive patterns in denial, pricing, and product mix. Spatial
dependence is therefore not noise. Two households with identical bureau profiles but different tract-level
opportunity structures may face meaningfully different default hazards and different lender responses. For that
reason, purely borrower-centric models are incomplete.

Urban mobility research extends this spatial insight. Mobility data are typically used in transportation, labor-
market, and epidemiological studies, but they are also relevant to household finance because commuting shapes
both expenditures and access to economic opportunity. The LEHD LODES and OnTheMap programs make it
possible to quantify origin-destination job flows, commute concentration, and job accessibility before or at
origination. A long, fragile commute raises exposure to fuel-price shocks, travel-time variability, and the practical
burden of replacing lost employment. Low transit redundancy can amplify the consequences of vehicle
breakdown or caregiving shocks. High accessibility to diversified employment centers can, by contrast, increase
labor-market resilience. Although the mortgage literature has rarely operationalized these measures directly,
adjacent evidence on housing mobility, spatial mismatch, and employment access makes a strong case for their
inclusion as context features.

A fourth conversation comes from network science and graph representation learning. Standard supervised
learning assumes observations are independent. That assumption is often false in finance. Borrowers may be
linked by shared lenders, shared census tracts, correlated house-price exposures, or temporally synchronized
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shocks. Graph neural networks exploit such structure by passing messages across connected nodes, allowing a
model to learn both local attributes and neighborhood effects. In consumer and SME credit settings, graph-based
methods have shown that relational signals can improve risk prediction beyond tabular variables alone.
Shumovskaia and coauthors demonstrated large-scale client-linking for banking applications, while related graph-
theoretic default studies showed that interaction networks can add predictive value beyond conventional
borrower-level variables. Taken together, this literature makes a plausible case for graph learning in mortgage
credit specifically, not only in card or fintech portfolios.

Graph methods also align naturally with multimodality. Mortgage underwriting draws on heterogeneous
information types: numerical bureau variables, categorical loan terms, text disclosures, geospatial coordinates,
temporal payment sequences, and neighborhood aggregates. Multimodal deep learning provides a way to encode
each source appropriately and then fuse them. In a mortgage graph, borrower-loan-property-lender-tract
relations can be represented explicitly, while time-varying payment histories and macro-housing indicators can be
processed through recurrent or temporal-attention modules. Urban mobility features can be attached at the tract
or corridor level and shared across linked borrowers. The result is an architecture capable of learning cross-level
interactions that neither a tabular gradient booster nor a static scorecard can represent well.

The final conversation concerns inclusion. Alternative-data advocates argue that formal credit files miss a large
share of economically relevant behavior, especially for thin-file, cash-based, and historically underserved
households. Fintech evidence suggests Al-enabled scoring can expand access by recognizing repayment capacity
that traditional scores overlook. Recent evidence from banking indicates that Al-enabled credit scoring can raise
approval rates for lower-income and younger borrowers without proportionate deterioration in portfolio
performance when governance is sound. However, the inclusion literature also warns that proxies, label bias, and
selective data availability can reproduce structural inequality. In mortgage contexts, location-based variables are
especially sensitive because residential segregation can make geography informative and dangerous at the same
time. This tension motivates the design principle adopted here: mobility and neighborhood features should be
used to measure economic resilience and local opportunity, not to encode demographic sorting. Model
development must therefore include fairness constraints, subgroup calibration checks, and feature review
grounded in fair-lending doctrine.

Taken together, the literature supports four propositions. First, mortgage default is multidimensional, with strong
interactions among equity, liquidity, and local context. Second, machine learning can outperform traditional
scorecards, but governance remains indispensable. Third, location and mobility contain economically meaningful
information not captured by bureau data. Fourth, graph learning offers a principled way to model correlated
exposures across borrowers, lenders, places, and time. What the literature does not yet provide is a fully
integrated framework that combines these insights in a mortgage-specific, inclusion-aware design. This paper
addresses that gap by proposing a multimodal graph architecture in which FICO is retained but no longer
dominates the information set, and where urban mobility analytics help distinguish structural fragility from
underserved but creditworthy demand.

Important adjacent work also comes from alternative-data and information-frictions research. Mortgage
accessibility studies from the Urban Institute argue that conventional measures often understate the barriers
facing low-credit-profile borrowers and that the progression from demand to origination differs sharply across
communities. Related fair-lending scholarship notes that households may have meaningful payment capacity that
is not fully visible in bureau files because of rental payment histories, informal saving practices, limited use of
revolving credit, or recent entry into U.S. financial markets. This evidence does not imply that every nontraditional
signal should be used, but it does imply that a narrow file-based view of creditworthiness is systematically
incomplete. The present study builds on that insight by selecting contextual variables that are economically
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interpretable, publicly sourced, and more defensible than opaque consumer-surveillance alternatives. In this
sense, mobility analytics are not a gimmick; they are a structured way to measure local opportunity and
adjustment capacity that the mainstream mortgage literature has underutilized. A final literature gap concerns
scale and granularity. Many mortgage studies remain either highly structural and economically elegant but
operationally narrow, or highly predictive but disconnected from legal and inclusion constraints. The opportunity
for multimodal graph learning lies precisely in joining these traditions: preserving institutional realism while
exploiting richer representations of dependence, heterogeneity, and local exposure. That synthesis is the
organizing premise of this study and the chief reason a beyond-FICO framework merits serious scholarly attention
today. It also explains why the contribution is methodological, substantive, and policy relevant at the same time.
Few prior studies have integrated all three dimensions in one coherent mortgage design. for U.S. lending.

Recent applied research by Ibrahim et al. (2022), Fahim et al. (2023), and Hasan et al. (2023) is also relevant to the
beyond-FICO agenda even though these studies address climate-linked financial risk, algorithmic accountability in
consumer FinTech, and financial cybersecurity rather than mortgage underwriting specifically. Taken together,
they reinforce three transferable propositions for this paper: first, predictive systems in finance perform best
when they integrate heterogeneous data sources rather than rely on single-score heuristics; second, model risk
governance and explainability are essential when Al influences economically consequential decisions; and third,
early-warning analytics are most useful when they are embedded in auditable institutional processes rather than
treated as black-box prediction engines. These themes align closely with a multimodal mortgage GNN architecture
that combines credit, property, neighborhood, and mobility signals under explicit governance controls.

Figure 1. Conceptual multimodal GNN framework

Conceptual Multimodal GNN Framework for Beyond-FICO Mortgage Risk

Borrower & Loan
FICO, DTI, LTV

Property & Price
Collateral, FHFA HPI Heterogeneous GNN Risk
—> Borrower-Property- ||

Lender-Tract Graph

Multimodal Encoders

abular « Spatial « Tempora Score

Neighborhood
ACS tract context

Mobility Analytics
LEHD/OnTheMap

Visual schematic of the proposed architecture linking borrower, property, tract, lender, and mobility signals through relational learning.
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Conceptual Multimodal GNN Framework for Beyond-FICO Mortgage Risk

Borrower & Loan
FICO, DTI, LTV

Property & Price
Collateral, FHFA HPI Heterogeneous GNN Risk
—> Borrower-Property- |

Lender-Tract Graph

Multimodal Encoders

abular » Spatial « Tempora Score

Neighborhood
ACS tract context

Mobility Analytics
LEHD/OnTheMap

Figure 1 shows how borrower, property, neighborhood, and mobility inputs can be fused before graph-based
relational learning.

Methodology

This study is designed as a mortgage-risk modeling paper with a reproducible empirical blueprint rather than a
proprietary production deployment. The methodological objective is to test whether multimodal graph neural
networks enriched with urban mobility analytics improve mortgage default prediction and prudent inclusion
relative to FICO-centered baselines, using only data available through earlier. The unit of prediction is loan-level
default risk over fixed horizons after origination, such as 12-, 24-, and 36-month serious delinquency or
foreclosure-transition events. A parallel survival formulation can also be estimated to model time to first severe
distress.

Data integration begins with Freddie Mac’s Single-Family Loan-Level Dataset, which provides research-grade loan
performance information for a large sample of purchased or guaranteed mortgages and includes origination
characteristics, monthly performance, and outcomes. Freddie Mac states that the dataset covers loans originated
from 1999 onward and is intended to support more accurate credit-performance modeling. This mortgage file is
paired with Home Mortgage Disclosure Act data, which the CFPB describes as the most comprehensive public
source on the U.S. mortgage market. HMDA adds lender identifiers, application outcomes, pricing flags, and
applicant-level reporting fields that are useful for inclusion analysis and lender-channel controls. House-price
dynamics are captured with FHFA’s House Price Index, a repeat-sales measure of single-family price movement.
Neighborhood socioeconomic context is drawn from the American Community Survey at tract or county level,
while urban mobility context is derived from Census LEHD LODES commuting-flow data and OnTheMap job-
accessibility measures. In applications where tract matching is imperfect, county-level linkage can be used as a
conservative fallback.
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Five node types are defined for the heterogeneous graph: borrower-loan observations, properties, census tracts,
lenders or originators, and employment-access zones. Borrower-loan nodes contain individual mortgage
attributes such as FICO, debt-to-income ratio, loan-to-value ratio, interest rate, loan purpose, occupancy, and
documentation-related fields. Property nodes encode collateral characteristics and local price-path features. Tract
nodes summarize neighborhood income, tenure mix, vacancy, educational composition, housing cost burden, and
historical delinquency pressure where available. Lender nodes represent origination or servicing entities and
absorb institution-level underwriting style or channel effects. Employment-access nodes represent labor-market
destinations or mobility corridors constructed from commuting flows. Edges connect borrower-loan nodes to the
property financed, to the borrower’s tract, to the originating lender, and to the employment-access node
corresponding to dominant commute destinations from the tract. Additional borrower-borrower edges can be
induced through k-nearest-neighbor similarity in geographic exposure, lender channel, or origination cohort,
although these edges are regularized to avoid overfitting.

Feature engineering proceeds in four modalities. The first modality is tabular borrower and loan information,
including classical underwriting variables and vintage controls. The second is spatial-neighborhood information:
local house-price appreciation, price volatility, unemployment or employment proxies, housing supply tightness
where available, and tract-level socioeconomic composition. The third is temporal information: payment histories,
delinquency transitions, and macro-housing context across the observation window. The fourth is mobility
information, operationalized through indicators such as commute diversity, median tract-to-job-centroid travel
burden, employment accessibility within specified thresholds, transit or mode redundancy proxies where
available, and concentration of work destinations. All mobility variables are aggregated to avoid using person-
level surveillance data. This is essential both for privacy and for legal defensibility.

Outcome labeling follows mortgage literature standards. The primary positive class is serious delinquency, often
defined as ninety days or more past due, foreclosure initiation, or liquidation-related distress within the chosen
horizon. Secondary labels include prepayment-adjusted default, cure after delinquency, and loss-given-distress
categories. Because mortgage default is relatively rare in many post-crisis samples, class imbalance is handled
through stratified sampling, focal loss, or cost-sensitive learning rather than naive oversampling alone. Sample
splits are strictly temporal: earlier vintages train the model, later vintages validate and test it, thereby reducing
leakage and better approximating real underwriting deployment. A geographic holdout can be added to test
cross-market generalization.

The baseline model family includes logistic regression with monotonic transformations, regularized generalized
additive models where feasible, gradient boosting machines such as XGBoost or LightGBM, and dense neural
networks on the same tabular feature set. These baselines serve different purposes. Logistic regression provides
regulatory familiarity; gradient boosting offers a strong tabular benchmark; and feed-forward deep learning tests
whether gains arise from nonlinear function approximation alone rather than relational structure. The proposed
model is a heterogeneous multimodal GNN. Tabular borrower features are embedded through a multilayer
perceptron. Time-varying sequences are encoded with temporal attention or recurrent layers. Tract and mobility
features are embedded separately and fused through gated multimodal attention. Message passing is then
performed across the heterogeneous graph using relation-specific transformations, such as R-GCN or graph
attention mechanisms. A temporal extension updates node states across observation windows so that changing
local conditions can influence risk estimates without requiring complete graph reconstruction at every month.

Model training minimizes a weighted binary cross-entropy or focal loss, optionally augmented by calibration

penalties and fairness regularizers. Hyperparameters are tuned on validation vintages using Bayesian search or
disciplined grid search. Early stopping is applied to prevent overfitting. Calibration is assessed using Brier score,
expected calibration error, and reliability plots because mortgage underwriting decisions depend on probability
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quality, not just rank ordering. Discrimination is evaluated using AUROC, AUPRC, Kolmogorov—Smirnov, and top-
decile capture rates. For survival variants, concordance indices and integrated Brier scores are reported.

Inclusion evaluation is equally important. Two decision simulations are proposed. In the first, all models are
constrained to the same expected default loss, and approval rates are compared overall and across application
segments. In the second, all models are constrained to the same approval rate, and expected losses are
compared. This reveals whether richer models can safely expand access or, at minimum, reduce risk
concentration without shrinking access. Fairness diagnostics include subgroup calibration, threshold-specific false-
negative and false-positive disparities, adverse-impact ratios on application decisions, and stress tests for
geographic concentration. Protected attributes should not be used as training inputs in production models, but
where law and data governance permit, disparate-impact auditing can be performed on held-out HMDA-linked
evaluation samples.

Interpretability is addressed through layered explanation. Global model understanding is developed through
ablation studies that remove whole modalities—FICO/bureau, neighborhood, lender network, or mobility
features—to estimate marginal value. Local explanations use integrated gradients, graph attention summaries,
SHAP approximations for tabular branches, and counterfactual perturbations on permissible variables such as
loan-to-value, payment burden, or tract job accessibility. Because post hoc explanation can mislead, explanations
are presented as diagnostic tools rather than causal claims. Stability tests check whether key explanations persist
across adjacent vintages and geographies.

Several safeguards are included to ensure that mobility analytics enhance prudence rather than encode exclusion.
First, mobility features are aggregated at tract or corridor level and restricted to economic-access constructs
rather than raw movement trails. Second, feature review excludes variables with obvious direct demographic
meaning or questionable necessity. Third, fairness analyses are conducted at both origination and recalibration
stages. Fourth, decision policy is separated from score generation: the model estimates risk, while downstream
policy sets acceptance, pricing, and documentation requirements under legal and business constraints. This
separation makes governance more tractable.

Finally, the paper specifies robustness checks. Results are re-estimated by loan purpose, occupancy type,
origination channel, and macro regime. The graph is perturbed by dropping weak edges, changing neighborhood
definitions, and collapsing employment-access nodes to test sensitivity. Mobility features are lagged to confirm
temporal ordering. Alternative loss definitions distinguish strategic distress from generalized hardship where
possible. If the multimodal GNN consistently improves calibration and capture while preserving or improving
prudent inclusion under these tests, the study would provide credible evidence that a beyond-FICO architecture is
both scientifically and operationally justified.

Data hygiene and legal defensibility are treated as first-order methodological requirements. Missingness is not
simply imputed and forgotten; it is characterized, because the absence of information may itself reflect channel-
specific underwriting behavior or applicant segmentation. Continuous variables are winsorized where
appropriate, categorical levels are consolidated when rare, and all preprocessing choices are frozen after
validation to prevent test leakage. To preserve auditability, a model card and dataset card are generated for every
experimental configuration, documenting variable provenance, transformation logic, exclusion rules, and known
limitations. The graph itself is constructed in a hierarchy. Mandatory edges capture observed institutional and
geographic relationships, while optional similarity edges are introduced only if they improve validation
performance and remain stable across vintages. Edge weights can encode proximity, shared lender exposure, or
mobility-flow intensity, but every weight definition is version controlled and subjected to ablation. This matters
because graph performance can be inflated by intuitive but unstable edges that will not survive operational
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deployment. For, statistical uncertainty is reported with confidence intervals from repeated temporal resampling
rather than single-split point estimates alone. Decision simulations are likewise repeated under alternative
acceptance thresholds, macro scenarios, and loss assumptions so that practical conclusions do not hinge on one
arbitrary operating point. All reported improvements must therefore be both statistically credible and
operationally durable to count as meaningful. This standard is stricter than leaderboard optimization and better

suited to mortgage underwriting research. It also improves external validity across lenders. and market cycles.
over future time.

Figure 2. FHFA U.S. house price growth in 2022

FHFA U.S. House Price Growth in 2022
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Source: FHFA House Price Index reports for 2022Q1, 2022Q2, 2022Q3, and 2022Q4. The figure summarizes official
year-over-year and quarter-over-quarter national changes reported for 2022 housing-market conditions.

Figure 3. Freddie Mac single-family serious delinquency in 2022

100 Freddie Mac Single-Family Serious Delinquency, 2022
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Source: Freddie Mac quarterly and monthly reporting for March 2022, June 2022, September 2022, and
December 2022. The series illustrates that serious delinquency improved over 2022 but remained materially
relevant for early-warning monitoring.
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These visuals strengthen the empirical motivation for the proposed architecture using only pre-2023
observations. Figure 2 shows that housing-market appreciation decelerated sharply across 2022, while Figure 3
shows that serious delinquency declined but remained nonzero and therefore difficult to classify with coarse one-
dimensional scorecards alone. In combination, the charts support the paper’s argument that mortgage risk
monitoring benefits from models that jointly encode borrower-level, place-based, and temporal information
rather than relying on a static bureau score.

This governance point is echoed in adjacent financial-Al scholarship. Fahim et al. (2023) argue that algorithmic
accountability is not an optional add-on but a design requirement for high-stakes financial models, while Hasan et
al. (2023) show that Al-driven fraud and cyber-risk systems are most defensible when surveillance,
interpretability, and escalation protocols are integrated from the start. Ibrahim et al. (2022) similarly emphasize
that predictive analytics becomes strategically useful when heterogeneous signals are organized into an early-
warning framework rather than reduced to a narrow single-variable score. For mortgage underwriting, that
implies a practical research standard: any beyond-FICO model should be evaluated not only on discrimination and
calibration but also on explanation stability, monitoring readiness, policy controllability, and fair-lending
auditability.

Table 2. Proposed data architecture

Source Level Key variables Role in model

Origination terms, FICO,

-1
DTI LTV, delinquency Core borrower-loan and

Freddie Mac loan-level Loan / monthly

dataset performance outcome labels
path
Application outcomes, Inclusion analysis and
HMDA Application / lender channel, pricing flags, y
. o lender controls
lender identifiers
FHEA HPI Metro / state / ZIP House-price growth and | Collateral and market-
proxy volatility cycle context
Income, tenure
’ . Neighborhood
ACS Tract / county vacancy, education, 's

socioeconomic context
burden

Commuting intensity,
Tract-to-job flow destination diversity,
accessibility

LEHD LODES /
OnTheMap

Urban mobility and
resilience context

Discussion

The proposed framework changes the question of mortgage underwriting from “What score does this borrower
have?” to “What configuration of borrower, property, place, network, and mobility conditions determines this
loan’s likely path?” That shift matters because FICO, while informative, is fundamentally backward looking and
individually centered. It summarizes prior credit-file performance but does not directly observe spatially
correlated shocks, the fragility of local labor-market access, or how lender and neighborhood relationships shape
risk transmission. In mortgage portfolios, these omitted structures can be economically material. A household
may enter origination with acceptable bureau history yet remain exposed to a narrow employment basin, weak
transit redundancy, and a tract-level housing market prone to synchronized price declines. A tabular model can
partially absorb these conditions through aggregated variables, but it struggles to represent relational
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dependence among borrowers, places, and institutions. A graph architecture is therefore not simply a more
fashionable learner; it is a better fit to the ontology of mortgage risk.

One likely empirical result is that relational and mobility features will improve calibration more reliably than they
improve raw rank ordering. This is important. In regulated lending, moving AUC from 0.78 to 0.80 is useful, but
improving the trustworthiness of probability estimates is often more consequential because underwriting, reserve
setting, pricing, and early-warning monitoring all depend on well-calibrated probabilities. Neighborhood and
mobility variables can help the model differentiate borrowers whose bureau files look similar but whose cash-flow
resilience differs. For example, two applicants with the same FICO and debt-to-income ratio may display divergent
risk if one lives in a tract with diversified nearby employment and short commute burdens while the other
depends on long single-corridor travel to a concentrated job center. The expected outcome is not that mobility
alone dominates FICO, but that the combined model makes fewer systematic misclassifications at the margin.

This matters most for thin-file and near-prime applicants. Conventional underwriting often handles such
applicants crudely because uncertainty itself is penalized. Multimodal GNNs can reduce that uncertainty by
borrowing strength from relational context. If a borrower’s personal file is sparse, tract-level opportunity, lender-
channel behavior, and mobility resilience may provide enough additional information to classify the loan more
accurately. In inclusive-lending terms, this creates the possibility of “safe expansion”: approval growth at constant
expected loss. The strongest claim would therefore be not merely predictive superiority but a documented
increase in prudent approvals among applicants who are rejected or over-priced under FICO-dominant rules.

However, inclusion claims must be handled with discipline. Better prediction does not automatically imply fairer
lending. A model can raise average accuracy while worsening errors for particular groups or geographies. Spatial
and mobility variables are especially sensitive because American residential geography is deeply entangled with
race, income, and historical exclusion. Even variables that are economically meaningful can function as proxies if
used without constraints. The proposed framework mitigates this in three ways. First, it uses aggregated
measures of accessibility and commute structure rather than granular person-level traces. Second, it evaluates
subgroup calibration and threshold disparities rather than relying only on aggregate fairness rhetoric. Third, it
frames mobility features as contextual stabilizers that can offset overreliance on bureau history, not as stand-
alone exclusion tools. In practice, lenders adopting such models would still need careful compliance review,
adverse-impact testing, and ongoing challenger comparisons.

Another important implication concerns model governance. Mortgage institutions often resist advanced Al
because they fear black-box opacity, examiner skepticism, and litigation risk. Those concerns are legitimate. Yet
the answer is not to remain with simplistic models known to miss risk heterogeneity. It is to structure advanced
models so that explanation, monitoring, and override logic are built into the system architecture. In the present
design, governance begins with modality-level transparency. Analysts can ask whether a prediction is being driven
mainly by borrower tabular variables, lender-network effects, neighborhood conditions, or mobility signals. Edge-
level and attention summaries can identify whether the model is responding to local price volatility, origination-
channel concentration, or employment-access fragility. Ablation tests can show whether the inclusion benefit
disappears when mobility variables are removed, or whether relational gains persist only in certain market
regimes. Such diagnostics are more useful to governance committees than generic black-box explanations.

The framework also speaks to macroprudential risk management. Mortgage distress is not merely a borrower-
level issue; it clusters geographically and institutionally. If graph embeddings reveal that certain lender-tract-
vintage subgraphs generate unusually correlated default probabilities, servicers and regulators could use those
signals for surveillance, capital planning, or targeted borrower assistance. During benign periods, the same
relational infrastructure may help distinguish isolated idiosyncratic risk from emerging local stress. This is
particularly relevant in a market where aggregate house-price appreciation can obscure pockets of vulnerability.
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FHFA’s data show that national house prices rose over the year, but national gains can coexist with local
affordability stress and highly uneven payment burdens. A model that conditions on place and mobility is better
positioned to detect fragility beneath headline market strength.

Urban mobility analytics add a further conceptual advantage: they connect housing finance to lived economic
geography. Mortgage default models typically proxy local conditions through unemployment rates or house-price
indices, which are useful but coarse. Accessibility measures ask a more behaviorally grounded question: how
easily can a household reach alternative employment and essential activity centers from where it lives? A
borrower’s ability to adapt after an income shock depends not only on whether jobs exist in the metropolitan
area but on whether they are reachable within realistic time and cost constraints. This makes mobility features
attractive as resilience indicators. A tract with high job density nearby, multiple commuting corridors, and diverse
destination links may offer households more recovery pathways after disruption than a tract with weak
connectivity and high commute concentration. The resulting signal is not equivalent to income or education; it
captures adaptation capacity embedded in urban form.

The architecture is also likely to produce different value across market segments. For prime conforming
borrowers in stable metros, incremental gains over strong tabular baselines may be modest because traditional
signals already perform well. For first-time buyers, thin-file applicants, refinance borrowers under stress, or
geographies with volatile labor-market access, the gains could be more substantial. Similarly, graph structure may
matter more during turning points than during calm periods. When housing prices are steadily rising and
delinquency is low, relational spillovers are weaker. When prices soften, mobility costs rise, or local employment
concentration becomes binding, network-aware models should add more value. This suggests that the payoff to
graph learning is state dependent. A useful extension of the paper would therefore examine regime switching and
model adaptivity across cyclical phases.

There are also limits to what the proposed system can accomplish. First, better forecasts do not resolve the
normative question of how much risk lenders should bear in order to expand access. That remains a business,
policy, and regulatory choice. Second, publicly available data may not fully capture informal income smoothing,
household wealth buffers, or family support networks, meaning that some underserved borrowers will still be
misclassified. Third, graph methods can over-smooth if edges are poorly specified, causing the model to wash out
genuinely individual information. In mortgage settings, that risk is serious because inappropriate neighborhood
aggregation can embed ecological fallacies. Careful edge design, regularization, and heterogeneous message
passing are therefore essential. The model should learn from context, not dissolve borrowers into context.

A further discussion point concerns the use of HMDA and similar data in model development. HMDA is invaluable
for understanding market structure and inclusion patterns, but it was not designed as a full underwriting dataset.
Variables may be missing, coarsened, or differently defined across institutions and years. Any linkage to loan-
performance files therefore requires conservative matching and explicit uncertainty handling. The same caution
applies to mobility features. LEHD commuting flows are powerful but not identical to real-time personal travel
traces. They describe stable employment-related movement patterns rather than every dimension of household
mobility. This is actually a strength for governance, because the data are aggregated and public, but it means the
model captures structural accessibility rather than real-time behavioral surveillance. The paper’s contribution
should therefore be framed as integrating ethically defensible mobility context, not building a surveillance
underwriting machine.

The inclusion lens also invites a broader rethinking of what “creditworthy” means in mortgage markets. FICO is
designed to predict repayment behavior based on formal credit history, not to measure opportunity, resilience, or
the economic frictions imposed by place. In an unequal geography, those omissions matter. Some households
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look riskier than they are because their formal files are sparse, while others look safer than they are because
bureau scores cannot see emerging local fragility. A well-governed multimodal GNN can reduce both errors at
once. It can identify hidden resilience among underserved applicants and hidden fragility among superficially
strong files. That dual correction is more compelling than a simple narrative of leniency or access expansion. It
reframes inclusive lending as better measurement.

Finally, the policy significance extends beyond individual lenders. Public agencies, guarantors, and mission-
oriented institutions can use beyond-FICO relational modeling to refine affordable-housing initiatives, credit
overlays, and loss-mitigation targeting. Because Freddie Mac’s research dataset, HMDA disclosures, FHFA price
indices, and Census commuting data are all available for research use, this agenda is not locked inside proprietary
fintech infrastructures. Freddie Mac explicitly provides its loan-level performance dataset for research and
modeling, HMDA remains the most comprehensive public source on U.S. mortgage activity, and LEHD offers
public commuting-flow data that can be transformed into accessibility metrics. That public-data foundation is an
advantage for reproducibility, independent auditing, and policy debate. If the empirical tests proposed here
confirm stronger calibration and safer approval expansion, the study would support a practical conclusion:
mortgage underwriting should retain bureau scores, but it should stop treating them as the sole or dominant lens
through which risk and creditworthiness are understood.

From a modeling perspective, the study also clarifies why multimodality matters even if a lender is not ready for
full graph deployment. The ablation structure can reveal which information domains produce the largest marginal
gains. Some institutions may discover that neighborhood and mobility features meaningfully improve calibration
even in boosted-tree models, while graph message passing adds a second-stage lift only for certain segments.
Others may find that lender-network effects are especially useful in wholesale or broker-heavy channels where
underwriting style is heterogeneous. This staged interpretation makes the research actionable because it supports
incremental adoption. A lender does not need to jump overnight from a legacy scorecard to a production
heterogeneous GNN; it can first validate contextual features, then relational structures, then temporal graph
extensions. The framework further invites a richer conception of stress testing. Traditional mortgage stress tests
usually shock unemployment, house prices, or interest rates at broad regional levels. A graph-based system can
propagate those shocks through lender concentrations, tract exposure clusters, and accessibility bottlenecks. For
example, a rise in commuting cost or a localized employment contraction can be translated into changing risk for
connected borrower groups rather than imposed as a uniform average effect. That opens the door to more
realistic scenario design and more targeted interventions, such as borrower outreach in specific mobility-fragile
corridors before delinquency accumulates. There is also a competitive-strategy implication. As mortgage margins
tighten, lenders increasingly need better ways to distinguish high-quality overlooked demand from cosmetically
strong but fragile files. A beyond-FICO architecture improves that sorting task. The institution that measures
resilience better can compete more intelligently on approvals, pricing, and servicing intensity, especially in
underserved segments where traditional underwriting generates wide uncertainty bands. For scholars, the
broader lesson is methodological pluralism. Economic theory, credit operations, transport analytics, and machine
learning should not be treated as separate silos if the real phenomenon is jointly determined by all of them.
Mortgage default is exactly such a phenomenon, and the paper’s integrative design reflects that reality directly.
That is why the proposed contribution is likely to remain relevant even as specific algorithms evolve. The problem
outlasts any single model family. or architecture.
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Figure 2. Evaluation logic for performance, inclusion, and governance
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Governance-oriented evaluation logic showing that predictive gain, inclusive approvals, calibration, and explainability must be assessed

jointly.
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Figure 2 emphasizes that a beyond-FICO model must be judged simultaneously on accuracy, calibration, approval

efficiency, and governance.
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Figure 3. Illustrative predictive uplift from richer data fusion
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Note: Schematic values synthesized from patterns in 2023-and-earlier literature; not a single-sample estimate.

Illustrative chart showing how multimodal and graph-enhanced models can improve discrimination relative to FICO-centric baselines.

It visually summarizes the paper's core claim that relational, spatial, and mobility-aware features are expected to

improve discrimination and calibration when compared with score-centric underwriting models built only on
bureau-style variables.

Figure 4. Illustrative inclusion trade-off under a common risk cap
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Illustrative chart showing the approval/default frontier for prime, near-prime, and thin-file applicants under equalized risk tolerance.

Page | 77



Beyond FICO: Enhancing Mortgage Default Forecasting and Inclusive Lending via Multimodal Graph Neural Networks and Urban
Mobility Analytics

This figure makes the inclusion argument visually concrete: the expected policy value of a beyond-FICO
framework lies not only in lower forecast error, but also in the possibility of responsibly expanding approval rates
for applicants who are poorly served by conventional score-based screening.

Table 3. Evaluation framework

Dimension Representative metrics Interpretation

Discrimination AUROC, AUPRC, top-decile How well the model ranks risky
capture loans

Calibration Brier score, ECE, reliability plot Whether predicted probabilities

are decision-usable

Inclusion Approval rate at fixed expected Whether safer credit expansion
loss is possible

Fairness Subgroup calibration, FNR/FPR Whether gains are equitably
gaps, adverse-impact ratio distributed

Robustness Temporal holdout, geography Whether performance survives
holdout, edge ablation realistic deployment stress

Conclusion

This paper argues that the next meaningful advance in mortgage underwriting will come not from abandoning
traditional credit variables, but from situating them inside a broader relational and spatial model of household
risk. FICO remains informative, yet it is incomplete for forecasting mortgage distress and insufficient for inclusive
lending in a heterogeneous housing market. By combining borrower and loan data with lender networks,
neighborhood conditions, house-price dynamics, and urban mobility analytics, multimodal graph neural networks
can model correlated exposures and hidden resilience more effectively than FICO-dominant scorecards.

The research design shows how this can be done with U.S. data and with governance features appropriate for
regulated lending. The most valuable expected gain is not only higher discrimination, but better calibration and
safer credit expansion for applicants whose formal credit files understate repayment capacity. If empirical testing
confirms these benefits under fairness and robustness checks, the paper’s implication is clear: mortgage finance
should move beyond single-score underwriting toward context-aware, auditable, multimodal systems that
improve both portfolio safety and access. It therefore offers both a research agenda and a practical roadmap for
modern mortgage risk management. with explicit attention to inclusion, transparency, and reproducibility. across
lending practice today.

Limitations and Future Directions

Several limitations qualify the framework. First, the paper proposes a research design and expected contribution
based on evidence; real production results will depend on implementation choices, sample coverage, and
institutional policy constraints. Second, data linkage across Freddie Mac, HMDA, ACS, FHFA, and LEHD sources can
introduce measurement error, temporal mismatch, and geographic aggregation bias. Third, urban mobility
indicators capture structural accessibility rather than individual travel behavior, which improves privacy but may
attenuate predictive strength. Fourth, graph models can overfit or over-smooth when edges are poorly defined,
and they require more computational and governance capacity than conventional scorecards. Fifth, fairness
remains an empirical, not rhetorical, property: contextual variables may still produce disparate effects unless
continuously audited.
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Future research should test causal robustness, regime dependence, and portability across lenders and
geographies. Promising directions include temporal heterogeneous GNNs with explicit hazard modeling,
monotonicity-constrained graph architectures for easier regulatory review, fairness-aware representation
learning, and multimodal fusion with property imagery or climate-risk layers where legally appropriate.
Researchers should also compare accessibility-based mobility measures with simpler neighborhood proxies to
identify the minimum additional complexity needed for inclusive gains. Ultimately, the strongest next step is a
transparent multi-institution validation study that measures whether beyond-FICO modeling can expand prudent
mortgage access without creating new forms of algorithmic exclusion.

Another limitation is transparency around labels themselves. Observed default is partly a product of prior
underwriting and servicing decisions, so historical outcomes may encode institutional behavior rather than pure
borrower risk. Future studies should therefore examine reject inference, servicing intervention effects, and policy-
induced label distortion more explicitly. Researchers should also test whether simpler semiparametric models can
recover most inclusion benefits with lower implementation burden, because the best model is not always the
most complex one available. That comparative discipline is essential for credible translation into regulated
practice. and policy.
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