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Abstract

Banks often assume that higher credit limits increase customer default risk because greater
exposure appears to imply greater vulnerability. This reasoning, however, conflates correla-
tion with causation. Whether increasing a customer’s credit limit truly raises the likelihood
of default remains an open empirical question that this work seeks to answer. We ap-
plied Bayesian causal inference to estimate the causal effect of credit limits on default
probability. The analysis incorporated Directed Acyclic Graphs (DAGs) for causal struc-
ture, d-separation for identification, and Bayesian logistic regression using a dataset of
30,000 credit card holders in Taiwan (April–September 2005). Twenty-two confounding
variables were adjusted for, covering demographics, repayment history, and billing and
payment behavior. Continuous covariates were standardized, and posterior inference was
performed using NUTS sampling with posterior predictive simulations to compute Average
Treatment Effects (ATEs). We found that a one-standard-deviation increase in credit limit
reduces default probability by 1.44 percentage points (94% HDI: [−2.0%, −1.0%]), corre-
sponding to a 6.3% relative decline from the baseline default rate of 22.1%. The effect was
consistent across demographic subgroups, with homogeneous treatment effects observed
for age, education, and gender categories, and remained robust under sensitivity analysis
addressing potential unmeasured confounding. The findings suggest that increasing credit
limits can causally reduce default risk, likely by enhancing financial flexibility and lowering
utilization ratios. These results have practical implications for credit policy design and
motivate further investigation into mechanisms and applicability across broader lending
environments. These estimates are explicitly interpreted as context-specific causal effects
for a pre-crisis consumer credit environment, with external validity assessed conceptually
rather than assumed.

Keywords: Bayesian inference; causal inference; credit risk; default prediction; directed
acyclic graphs; observational studies; sensitivity analysis

1. Introduction
Credit risk remains a central concern for financial institutions, with borrower default

affecting portfolio performance, liquidity management, and regulatory capital require-
ments. In industry practice, credit limits are commonly treated as a primary driver of
exposure, with higher limits assumed to mechanically increase default risk. This assump-
tion underlies conservative limit-setting policies in which increases in available credit are
viewed predominantly as sources of additional risk.

However, from a credit-risk-theory perspective, this view is incomplete. Several
established mechanisms suggest that higher credit limits may, under certain conditions,
reduce the risk of default rather than increase it. First, theories of liquidity smoothing
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and buffer stock behavior posit that access to unused credit allows borrowers to absorb
transitory income shocks without immediately defaulting (Carroll 1997; Gross and Souleles
2002). Second, utilization-based risk frameworks emphasize that default risk is driven more
by the ratio of outstanding balances to available credit than by credit limits alone. Higher
limits can therefore lower utilization rates and, in turn, reduce financial distress (Khandani
et al. 2010). Finally, behavioral responses to credit constraints suggest that binding limits
may amplify repayment stress, increase delinquency clustering, and accelerate default
during adverse shocks (Agarwal et al. 2015).

Despite their relevance for credit risk measurement and policy design, these mecha-
nisms are rarely examined through a causal lens. Much of the empirical literature relies
on predictive or associative models that cannot disentangle the effect of credit limits from
borrower selection or endogenous limit assignment. This study addresses this gap by
estimating the causal effect of credit limit increases on default probability using a Bayesian
causal inference framework that explicitly models counterfactual outcomes and uncertainty.
The contribution of this study is methodological and inferential rather than temporal. It
evaluates how credit limit interventions operate under explicitly stated causal assumptions,
not how default risk should be predicted in modern datasets.

The remainder of the paper is structured as follows. Section 2 reviews the relevant
literature and situates this study within the broader credit risk and causal inference land-
scape. Section 3 describes the data and methodology. Section 4 presents the empirical
results, including average treatment effects, subgroup analyses, model validation, and
sensitivity checks. Section 5 discusses implications for credit risk management and policy
design. Section 6 concludes the paper.

2. Literature Review
This review is intentionally selective, focusing on studies relevant to causal identifica-

tion, policy interventions, and credit limit mechanisms rather than exhaustively surveying
predictive credit scoring models.

Most existing research in credit risk prioritizes prediction over causal explanation.
Wang et al. (2021) demonstrated that machine learning models excel at identifying borrow-
ers likely to default, while Kvamme et al. (2018) extended these capabilities to convolutional
neural networks for mortgage default prediction. These predictive frameworks, however,
cannot answer counterfactual questions such as whether increasing a customer’s credit
limit would alter their default probability. The distinction matters because prediction
identifies patterns in existing data, whereas causal inference evaluates what would happen
under alternative policies.

The development of formal causal inference frameworks has provided tools to address
these limitations. Pearl’s work on Directed Acyclic Graphs (DAGs) (Pearl 2009) estab-
lished a structural approach to distinguishing causal pathways from spurious associations,
offering a graphical language for encoding assumptions about confounding and media-
tion. While Pearl’s framework emerged from computer science and philosophy, Hernán
and Robins (2020) extended these principles to observational epidemiology and public
health, where randomized experiments are often infeasible. Their target trial framework
has since been adopted in economics and social sciences to emulate experiments using
observational data.

Despite these methodological advances, applications to credit limit policy remain
sparse. Fuster et al. (2022) examined algorithmic fairness in lending decisions, focusing on
how machine learning models may perpetuate or mitigate bias across demographic groups.
Dobbie et al. (2020) analyzed the long-term consequences of personal bankruptcy using
quasi-experimental variation in judge leniency. Both studies engage with causal questions,
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yet neither directly investigates whether adjusting credit limits influences default behavior.
The gap is striking given that credit limit policies represent one of the most common and
consequential interventions available to lenders.

The gap addressed by this study is therefore not the absence of predictive accuracy,
nor the lack of sophisticated modeling in credit risk research. Rather, the gap lies in the
absence of formally identified causal estimates for credit limit interventions themselves.
Existing studies either (i) predict default without counterfactual interpretation or (ii) exploit
quasi-experiments that affect credit access indirectly rather than credit limits directly. As a
result, the causal effect of adjusting credit limits, a routine, policy-relevant decision faced
by lenders, remains largely unquantified. This study directly targets that missing estimand.
Within this bounded scope, the contributions are fourfold: (1) implementing DAG-based
identification for credit limit interventions, (2) applying Bayesian logistic regression to
obtain full posterior uncertainty quantification, (3) evaluating heterogeneity of effects across
demographic subgroups, and (4) testing robustness to unmeasured confounding using
formal sensitivity analysis. Together, these contributions provide a more rigorous basis
for understanding how credit limit adjustments influence borrower behavior and offer
practical insights for policy formation within financial institutions.

3. Materials and Methods
3.1. Data

The dataset comes from a financial institution in Taiwan and covers credit card cus-
tomers from April to September 2005. The dataset contains 30,000 customers with complete
data across 24 variables. The data is publicly available and has been used before for credit
scoring, though not for causal inference.

The outcome is binary default status (default.payment.next.month) which is either
1 for default or 0 for no default. Overall, 22.1% of customers (6630 people) defaulted. The
treatment variable is credit limit (LIMIT_BAL), measured in New Taiwan dollars, ranging
from NT$10,000 to NT$1,000,000.

The confounding variables include:

• Demographics: AGE (21–79 years), SEX (1 = male, 2 = female), EDUCATION (1 = grad-
uate school, 2 = university, 3 = high school, 4 = others), MARRIAGE (1 = married,
2 = single, 3 = others)

• Payment History: PAY_0 through PAY_6 showing repayment status for six months
(September 2005 back to April 2005)

• Billing Information: BILL_AMT1 through BILL_AMT6 for bill statement amounts
across six months

• Payment Amounts: PAY_AMT1 through PAY_AMT6 showing actual payment
amounts for six months

• Income: Unmeasured confounder affecting both credit limit assignment and default
risk. While not directly observed in the dataset, the observed financial variables
(payment history, billing amounts, payment amounts) and demographics serve as
partial proxies for income

The repayment status variables PAY_0 through PAY_6 indicate the number of months
of payment delay for the most recent six billing cycles (September 2005 to April 2005).
These variables are coded as follows: −1 denotes payment made duly (no delay), 0 de-
notes revolving credit with no payment delay, and positive integers from 1 to 9 indicate
payment delays of one to nine months, respectively, with higher values representing more
severe delinquency. These variables therefore capture recent repayment behavior and
credit discipline.
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Because repayment history directly influences both credit limit assignment and default
risk, the variables PAY_0–PAY_6 were included as confounders in the causal adjustment set.

We standardized all continuous variables (z-scoring) before modeling. This makes
effect sizes comparable and helps with computational efficiency. All reported coefficients,
including the treatment effect, are therefore expressed in terms of standardized variables
(per one-standard-deviation change).

3.2. Causal Assumptions and Directed Acyclic Graph

Figure 1 summarizes the assumed causal structure underlying the analysis. Credit
limit assignment is influenced by demographic characteristics, repayment history, and
observed financial behavior, all of which also affect default risk. Income is treated as an
unobserved latent common cause of both credit limits and default. While income is not
directly observed and may introduce residual confounding, the assumed adjustment set
is designed to account for the primary observed confounding pathways between credit
limit and default, allowing the estimated effects to be interpreted causally under the
stated assumptions and subject to sensitivity analyses assessing robustness to unmeasured
confounding. Observed financial variables and demographic characteristics serve as partial
proxies for income and related latent traits, mitigating but not eliminating this source of
bias. The Stable Unit Treatment Value Assumption (SUTVA) is assumed to hold, though
spillover effects in credit markets may violate this assumption in practice.

Figure 1. Directed acyclic graph representing the assumed causal structure for identifying the effect
of credit limit on default. LIMIT_BAL is the treatment variable, default is the outcome, observed
variables (demographics, payment history, billing information, payment amounts) are measured
confounders, and income (shown in gray/dashed) is an unmeasured confounder.

We assume positivity: all covariate combinations have non-zero probability of observ-
ing each credit limit level. Empirical diagnostics in Figure A1 (Appendix A) confirm this
assumption holds. All demographic strata (age, education, gender) exhibit credit limits
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spanning nearly the full observed range (NT$10,000 to NT$1,000,000), with substantial
within-group variation. A propensity model predicting credit limit from all 22 confounders
achieves R² = 0.36, indicating sufficient unexplained variation in treatment assignment to
support causal identification.

Payment amounts (PAY_AMT1 through PAY_AMT6) are treated as pre-treatment
confounders rather than mediators. These variables reflect payment behavior in the six
months leading up to the observation period and therefore precede both the credit limit
assignment captured in our data and the subsequent default outcome. Credit limits in
this dataset represent existing limits at baseline, not newly assigned limits, so historical
payment behavior confounds the relationship rather than mediates it.

3.3. Causal Identification Strategy

Causal identification is based on an explicitly stated directed acyclic graph (DAG)
that formalizes assumptions about the data-generating process. Credit limit assignment
is assumed to depend on observed demographic characteristics, repayment history, and
billing behavior, all of which also influence default probability. Household income, while
unobserved, is assumed to affect both credit limits and default, introducing a potential
source of residual confounding.

Following Pearl (2009), identification relies on the backdoor criterion. An adjustment
set satisfies this criterion if it excludes variables affected by the treatment and accounts for
confounding pathways linking the treatment to the outcome through observed variables.
While income is not directly observed, the included financial and demographic covariates
are assumed to capture the primary observable pathways through which income influences
both credit limit assignment and default risk.

D-separation analysis was used to assess whether conditioning on the 22 observed
covariates is sufficient to control for confounding induced by measured variables under
the assumed DAG. This analysis confirms that the proposed adjustment set addresses
all backdoor paths arising from observed covariates. Identification therefore rests on the
assumption that residual confounding due to unmeasured income is limited, given its
strong empirical relationship with observed financial behavior. The robustness of the
estimated causal effects to violations of this assumption is evaluated through sensitivity
analyses presented in Section 3.

3.4. Bayesian Model Specification

We used Bayesian logistic regression since the outcome is binary and the coefficients
are interpretable on the log-odds scale.

Unless otherwise stated, all uncertainty intervals reported in this study are 94% high-
est density intervals (HDIs), corresponding to the 3rd and 97th posterior percentiles as
produced by the Bayesian model outputs.

The model is specified as:

DEFAULTi ∼ Bernoulli(pi), (1)

logit(pi) = α + βT · LIMIT_BALi +
22

∑
j=1

βCj · Confounderij. (2)

Here, logit(pi) = log
(

pi
1−pi

)
denotes the log-odds of default for customer i, βT repre-

sents the causal effect of credit limit on default, and β j, for j = 1, . . . , 22, are coefficients
corresponding to the confounding variables.
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We assigned weakly informative normal priors:

α ∼ N (0, 2), (3)

βT ∼ N (0, 1), (4)

βCj ∼ N (0, 1), j = 1, . . . , 22. (5)

These priors regularize the model but are diffused enough to let the data dominate.
The intercept is given a larger variance to accommodate the logit scale, while coefficient
priors centered at zero represent weak prior beliefs about effect directions.

3.5. Linearity Assessment

To assess the adequacy of a linear specification for credit limit effects, we examine
posterior predictive residuals across the distribution of credit limits. Residuals were com-
puted and binned into deciles of the standardized credit limit variable to detect systematic
deviations from linearity.

Under a well-specified linear model, residuals should exhibit random scatter around
zero with no pronounced curvature or heteroskedastic patterns. In addition to residual
diagnostics, we explored more flexible functional forms, including quadratic terms and
restricted cubic splines, to assess the presence of nonlinear effects.

As shown in Appendix A Figure A2, the residual diagnostics support the linear
specification. Binned residuals fluctuate around zero across credit limit deciles, with no
clear monotonic trend or systematic curvature. More flexible model specifications exhibited
substantial computational instability, including a large number of divergent transitions,
indicating poorly identified posterior geometry and limiting the reliability of inference
under these specifications.

Given the absence of systematic residual patterns and the lack of stable convergence
for nonlinear models, we retain the linear specification as a parsimonious and empirically
supported approximation. The estimated treatment effect therefore represents an average
marginal effect on the log-odds scale, summarizing the association between credit limits
and default risk across the observed range of credit limits.

3.6. Posterior Sampling and Convergence Diagnostics

We used PyMC version 5.10 with the No-U-Turn Sampler (NUTS) (Hoffman and
Gelman 2014) for posterior sampling. NUTS is a variant of Hamiltonian Monte Carlo that
auto-tunes step sizes and trajectory lengths. We ran 4 independent chains with 2000 samples
each after discarding 1000 warmup samples. The target acceptance rate was 0.95, ensuring
that the sampler explored the posterior thoroughly.

Convergence diagnostics included examining the R̂ statistic (the Gelman–Rubin diag-
nostic (Gelman et al. 2013)) to compare the variance within and between chains, as well as
calculating the effective sample size (ESS) to assess the amount of independent information
contained in the correlated posterior samples. Trace plots were inspected for all parameters
to ensure proper mixing across chains and verified that the number of divergent transitions
was zero, as any divergences would indicate potential sampling pathologies.

All parameters hit R̂ ≤ 1.01 and effective sample sizes over 2800. Zero divergent
transitions across all chains, indicating that the sampling was successful.

3.7. Causal Effect Estimation

The Average Treatment Effect (ATE) was estimated using posterior predictive simu-
lation under counterfactual interventions. For each of the 8000 posterior draws, baseline
default probabilities p(0)i were first predicted for all individuals under their observed
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credit limits. A counterfactual intervention was then simulated by uniformly increasing
credit limits by one-standard-deviation (on the standardized scale), and the corresponding
counterfactual default probabilities p(1)i were generated. Individual treatment effects were

computed as p(1)i − p(0)i , and averaged across all individuals to obtain the ATE for each
posterior draw.

This procedure yields a full posterior distribution over the ATE, enabling coherent
Bayesian uncertainty quantification for the estimated causal effect.

Conditional Average Treatment Effects (CATEs) were estimated using the same proce-
dure within demographic subgroups defined by age (≤30, 31–50, >50), education (graduate
school, university, high school), and gender (male, female). This subgroup analysis allows
assessment of treatment effect heterogeneity across populations that may differ in baseline
risk exposure and credit access.

3.8. Sensitivity Analysis

Causal inference from observational data relies on the untestable assumption of no
unmeasured confounding. To assess the robustness of our findings to violations of this
assumption, we conducted a sensitivity analysis following the framework of VanderWeele
and Ding (2017), which evaluates how strong an unmeasured confounder would need to
be to fully explain away the estimated causal effect.

We simulated hypothetical unmeasured confounders U with varying strengths by
allowing the correlation between the confounder and the treatment, ρ(U, LIMIT_BAL),
to range from 0 to 0.5. The effect of the confounder on the outcome was parameterized
by βU , which was allowed to vary between 0 and 2.0 on the log-odds scale. This grid of
values captures a wide range of plausible confounding scenarios and enables systematic
assessment of potential bias in the estimated effect.

For each combination of confounder strength and outcome influence, a bias-adjusted
Average Treatment Effect was computed, and the threshold at which the estimated effect
was attenuated to zero or reversed in sign was identified. In addition, we calculated E-
values (VanderWeele and Ding 2017), which quantify the minimum strength of association
that an unmeasured confounder would need with both the treatment and the outcome, on
the risk ratio scale, to fully explain the observed effect.

3.9. Model Validation

Posterior predictive checks were conducted to assess whether the fitted model ade-
quately reproduces key features of the observed data. Specifically, 4000 replicated datasets
were generated from the posterior predictive distribution and compared with the ob-
served outcomes.

Model validation focused on several complementary dimensions. First, overall fit was
evaluated by comparing the posterior predictive default rate with the observed default rate
of 22.1%. Second, calibration was assessed by comparing predicted default probabilities
with observed default frequencies across probability bins. Third, discrimination was
examined by evaluating the separation of predicted probabilities between defaulters and
non-defaulters. Finally, residual plots were inspected to identify systematic patterns or
evidence of model misspecification.

Together, these diagnostics indicate that the model provides an adequate represen-
tation of the observed data-generating process for the purposes of prediction and causal
effect estimation.
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4. Results
4.1. Model Convergence and Parameter Estimates

Table 1 shows posterior summary statistics for key parameters. All parameters
achieved R̂ = 1.0 with effective sample sizes over 2800. Zero divergent transitions across
8000 samples.

Table 1. Posterior summary statistics for key model parameters.

Parameter Mean SD HDI 3% HDI 97% ESS R̂

Intercept (α) −1.468 0.016 −1.499 −1.439 6356 1.0
Treatment (βLIMIT_BAL) −0.099 0.020 −0.137 −0.061 6510 1.0

The intercept posterior mean of −1.468 represents baseline log-odds of default. The
treatment effect coefficient of −0.099 (94% HDI: [−0.137, −0.061]) shows that higher credit
limits is associated with lower default probability after adjusting for all 22 confounders.
The entire credible interval excludes zero, indicating strong evidence against no effect.

4.2. Average Treatment Effect

The ATE is −0.0144 (94% HDI: [−0.020, −0.010]), meaning a one-standard-deviation
increase in credit limit (roughly NT$100,000) is estimated to cause a 1.44 percentage point
drop in default probability. This represents a 6.3% relative reduction in defaults, dropping
the baseline rate from 22.1% to a counterfactual rate of 20.7% under intervention. Figure 2
corroborates this result: the left panel shows the posterior distribution of the ATE, which lies
entirely below zero, providing strong evidence of a consistently negative (protective) effect
of higher credit limits on default risk. The right panel further illustrates the dose–response
relationship, demonstrating that progressively larger increases in credit limits are associated
with proportionally greater reductions in default probability, supporting a monotonic and
economically meaningful treatment effect rather than a threshold-driven response.

Figure 2. Average Treatment Effect analysis. Left: Posterior distribution of the ATE (mean −0.0144; 94%
HDI [−0.020, −0.010]), indicating a consistently negative and protective effect. Right: Dose–response
curve illustrating that larger credit limit increases lead to proportionally greater reductions in de-
fault risk.

4.3. Conditional Average Treatment Effects

Table 2 reports conditional average treatment effects (CATEs) across demographic
subgroups defined by age, education level, and gender. The estimated effects are remark-
ably consistent in both magnitude and uncertainty across all subgroups, with posterior
means clustered around −0.014 and overlapping 94% highest density intervals. This indi-
cates that a one–standard-deviation increase in credit limit produces a similar reduction in
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default probability regardless of demographic characteristics, providing little evidence of
meaningful treatment effect heterogeneity.

This homogeneity is further supported by Figure 3. The posterior distribution shown
in the left panel remains tightly concentrated below zero, reinforcing the stability of the
estimated treatment effect across conditioning variables. The right panel illustrates a
smooth and monotonic dose–response relationship between standardized credit limit
increases and default probability, suggesting that the causal effect operates uniformly
across the population rather than being driven by specific subgroups.

Table 2. Conditional Average Treatment Effects by demographic subgroup.

Subgroup N CATE Mean 94% HDI

Age ≤ 30 11,013 −0.0150 [−0.020, −0.010]
Age 31–50 16,718 −0.0142 [−0.019, −0.009]
Age > 50 2269 −0.0148 [−0.021, −0.009]
Graduate School 10,585 −0.0131 [−0.018, −0.008]
University 14,030 −0.0144 [−0.019, −0.009]
High School 4917 −0.0143 [−0.020, −0.009]
Male 11,888 −0.0141 [−0.019, −0.009]
Female 18,112 −0.0145 [−0.020, −0.009]

Figure 3. Average Treatment Effect (ATE) of credit limit increases on default probability. Left:
Posterior distribution of the ATE (probability units) with mean −0.0144 (1.44 percentage point
reduction) and 94% HDI [−0.020,−0.010], corresponding to a one-standard-deviation increase in
credit limit (approximately NT dollars 100,000). Right: Dose-response curve showing the causal
change in default probability as a function of standardized credit limit increases.

4.4. Model Validation

Posterior predictive checks indicate that the model adequately reproduces key features
of the observed data, including the marginal default rate, calibration across risk strata, and
discrimination between defaulters and non-defaulters. While mild residual nonlinearities
are visible at the extremes of the credit limit distribution, these deviations are limited in
magnitude and concentrated in regions with sparse data. As such, they do not materially
affect the estimation of the average treatment effect, supporting the use of the fitted model
for causal effect estimation under the stated assumptions.

4.5. Sensitivity Analysis

While sample sizes vary across demographic subgroups (Age > 50: n = 2269 vs. Age
31–50: n = 16,718), all groups retain sufficient statistical power. The 94% credible intervals
for all subgroups exclude zero and exhibit comparable widths (Table 2), indicating similar
estimation precision across demographics. The smallest subgroup (Age > 50, interval
width = 0.012) shows only a marginally wider interval than the largest subgroup (Age
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31–50, interval width = 0.010), suggesting that differences in sample size do not materially
compromise the robustness of the conditional effect estimates.

Sensitivity analysis indicates that completely nullifying the observed ATE of −1.44 per-
centage points would require an unmeasured confounder that is strongly associated with
both credit limit assignment and default risk. Specifically, such a confounder would need
to exhibit a correlation with the treatment of at least ρ ≥ 0.30 and an effect size on default
probability of βU ≥ 1.0 on the log-odds scale—substantially larger than the effects of any
observed covariates. The corresponding E-value of approximately 1.15 further suggests
that only a confounder of considerable strength could plausibly eliminate the estimated
causal effect.

Model adequacy is further assessed using posterior predictive checks shown in
Figure 4. The top-left panel compares the posterior predictive distribution of the default
rate with the observed default rate. The observed rate (red dashed line) and the posterior
predictive mean (blue dashed line) coincide at 22.1%, resulting in visual overlap; although
both reference lines are present, the red line is not separately visible because it lies exactly
beneath the blue line. This overlap indicates excellent calibration of the model at the
aggregate level.

Figure 4. Posterior predictive checks for model validation. The posterior predictive default rate
closely matches the observed default rate of 22.1%. Calibration plots compare predicted default
probabilities (unit interval) with observed frequencies across probability bins. Predicted probabilities
exhibit good discrimination between defaulters and non-defaulters. Residual diagnostics show a
mild V-shaped pattern at the extremes of the credit limit distribution, suggesting weak nonlinearities
that do not materially affect the estimated average treatment effect.

The calibration plot (top-right panel) demonstrates close agreement between predicted
default probabilities and observed frequencies across probability bins, with deviations
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confined to the extremes. The bottom-left panel shows clear separation between predicted
probabilities for defaulters and non-defaulters, indicating good discriminatory power.
Residual diagnostics (bottom-right panel) reveal a mild V-shaped pattern at the bound-
aries of the predicted probability range, suggesting weak nonlinearities; however, these
deviations are limited to the extremes and do not materially affect the estimated average
treatment effect or the substantive conclusions of the analysis.

The implications of this sensitivity analysis are visualized in Figure 5. The left panel
shows the bias-adjusted ATE across increasing strengths of an unmeasured confounder,
with the null effect boundary (ATE = 0) indicated for reference. Even under moderate
confounding scenarios, the estimated treatment effect remains negative, indicating sub-
stantial robustness of the causal conclusion. The right panel delineates the robustness and
reversal regions, highlighting the combinations of confounder–treatment correlation and
confounder–outcome effect size (on the log-odds scale) required to overturn the observed
effect. Consistent with the E-value analysis, only confounders with implausibly strong asso-
ciations with both credit limit assignment and default risk would be sufficient to eliminate
the estimated causal impact.

Figure 5. Sensitivity analysis for unmeasured confounding. Left: Bias-adjusted Average Treatment
Effect (ATE) in probability units across varying confounder strengths, with the null effect boundary
(ATE = 0) shown. Right: Robustness and reversal regions indicating combinations of confounder
treatment correlation and confounder outcome effect size (log-odds scale) required to eliminate the
observed causal effect.

5. Discussion
5.1. Principal Findings

This study provides evidence consistent with a causal effect that increasing a cus-
tomer’s credit limit reduces their probability of default. The results show that a one-
standard-deviation increase in credit limit leads to an estimated causal reduction of 1.44 per-
centage points in default probability (94% HDI: [−2.0%, −1.0%]). The posterior intervals
exclude zero; all parameters achieved perfect convergence (R̂ = 1.0), and the effect was
consistent across demographic subgroups defined by age, education, and gender. Moreover,
sensitivity analyses indicate that the findings are robust even to strong forms of unmea-
sured confounding. Collectively, these results challenge the conventional assumption that
higher credit limits inherently increase default risk.

Once confounding factors that simultaneously influence credit limit assignment and
default behavior are properly accounted for, the evidence instead indicates that higher
limits exert a protective effect against default. This magnitude represents a policy-relevant
effect within the studied context. For a lender with 100,000 customers at the baseline default
rate of 22.1%, a one-standard-deviation credit limit increase would prevent approximately
1440 defaults. Given typical loss-given-default rates in consumer credit markets, this
translates to meaningful reductions in credit losses and improved portfolio performance,

https://doi.org/10.3390/risks14020038

https://doi.org/10.3390/risks14020038


Risks 2026, 14, 38 12 of 18

justifying strategic credit limit policies informed by causal evidence rather than exposure-
based reasoning alone.

5.2. Causal Mechanisms

The protective effect of higher credit limits likely operates through empirically doc-
umented mechanisms grounded in consumer financial behavior. Credit utilization, a
key component of credit scoring models that reflects the ratio of outstanding balances
to available credit, is strongly associated with default risk (Gross and Souleles 2002). By
increasing credit limits while holding balances constant, borrowers automatically reduce
their utilization ratios, which signals responsible credit management to lenders and may
reduce the perceived risk of future default.

Beyond utilization effects, financial flexibility plays a critical role. Field experiments
in credit markets demonstrate that repayment flexibility leads to substantial improvements
in business outcomes and lower default rates by providing insurance against income
fluctuations and enabling better resource allocation during adverse shocks (Battaglia et al.
2024). Corporate finance research establishes that financial flexibility in the form of unused
debt capacity allows firms to meet funding needs during financial deficits without forcing
immediate rebalancing (Denis and McKeon 2012), a mechanism that extends naturally to
consumer credit behavior.

For individual borrowers, higher available credit provides a liquidity buffer during
temporary income disruptions or unexpected expenses. Consumer credit research shows
that households respond to credit constraints by adjusting consumption and borrowing
behavior (Gross and Souleles 2002), suggesting that adequate credit access enables smoother
financial management and reduces the likelihood of payment delinquency. Additionally,
lower credit utilization ratios improve credit scores, which facilitate access to refinancing
options and additional credit sources at more favorable terms, further reducing default
risk. Research on credit report information confirms that improved credit profiles lead to
economically significant increases in credit access and reductions in subsequent default
probability Dobbie et al. (2020).

While our data do not contain direct measurements of utilization ratios before credit
limit increases, the consistency of our findings with this established theoretical and em-
pirical literature supports financial flexibility and utilization effects as plausible causal
pathways. Future research employing mediation analysis with time-varying utilization
data and direct measures of liquidity constraints would strengthen causal claims regarding
these specific mechanisms.

5.3. External Validity and Temporal Considerations

This study relies on credit card data from Taiwan covering April to September 2005, a
period preceding major structural changes in global credit markets and risk management
practices. Several considerations are therefore relevant when interpreting the external
validity of our findings in contemporary settings.

First, the 2008 Global Financial Crisis fundamentally altered lending practices, regula-
tory oversight, and consumer credit behavior. Post-crisis regulatory frameworks, including
Basel III, introduced stricter capital requirements and more conservative risk management
standards, which may have affected both credit limit assignment and the relationship
between limits and default risk. As a result, our estimates reflect credit dynamics in a
pre-crisis environment characterized by different underwriting practices and macroeco-
nomic conditions.

Second, advances in credit risk assessment since 2005 have transformed lending
technologies. The widespread adoption of machine learning models, alternative data
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sources, and real-time monitoring systems allows lenders to more precisely differentiate
borrower risk. Modern credit limit assignment may therefore incorporate information not
available in the period studied, potentially modifying the strength of the causal relationship
we estimate. Nevertheless, the underlying mechanism of financial flexibility provided by
unused credit capacity remains economically relevant, even as risk measurement becomes
more granular.

Third, macroeconomic conditions play a central role in shaping credit dynamics.
The study period was characterized by relatively stable inflation and moderate interest
rates. In environments marked by high inflation, elevated borrowing costs, or heightened
economic uncertainty, such as during the COVID-19 pandemic, the protective effect of
higher credit limits may either weaken or strengthen. Higher interest rates reduce the value
of unused credit as a liquidity buffer, while greater uncertainty may amplify its insurance
role. The net effect is therefore context-dependent and requires empirical validation using
contemporary data.

Fourth, cross-country generalizability warrants caution. Taiwan’s institutional con-
text, including its regulatory environment, consumer protection framework, and cultural
attitudes toward debt, may differ from those of other economies. While the magnitude of
the estimated effects may not transfer directly to other markets, the directional relationship
between credit limits and default risk is likely to be relevant across developed consumer
credit systems.

These considerations motivate several avenues for future research. Replication using
more recent datasets across diverse institutional settings would help assess whether the
estimated effects persist under modern lending technologies and regulatory regimes. Ex-
amining heterogeneity across interest rate environments and periods of economic stress
would further clarify the conditions under which financial flexibility mechanisms are most
effective. In addition, incorporating modern machine-learning-based risk scores as co-
variates could test whether the causal effect of credit limits remains after accounting for
contemporary risk assessment tools.

Despite these limitations, the core finding remains: under the stated causal assump-
tions, increasing credit limits is estimated to reduce default risk, providing meaningful
insight for credit policy design. Financial flexibility operates through fundamental features
of consumer credit markets such as liquidity constraints, utilization dynamics, and access
to emergency funds that remain relevant across time and institutional contexts. Our results
suggest that overly conservative credit limit policies may inadvertently increase default
risk, highlighting the importance of policy design informed by causal evidence rather than
exposure-based reasoning alone.

Recent advances in causal inference for credit risk further support this perspective. Ren
(Ren 2025) demonstrates that DAG-based causal frameworks can identify domain-invariant
relationships that generalize across contexts, achieving high performance retention when
transferring models between financial credit and health insurance domains. This evidence
suggests that causal structures identified through explicit modeling assumptions, such
as those employed in this study, may retain relevance beyond specific datasets and time
periods, even when predictive relationships evolve.

5.4. Comparison with Existing Literature

Our findings contribute to credit risk literature by applying causal inference methods
to estimate treatment effects of credit limit changes, complementing existing predictive and
quasi-experimental approaches.

When contrasting predictive modeling against causal inference, we find that most
credit risk research focuses on predictive accuracy through machine learning architectures.
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Studies such as (Wang et al. 2021) address class imbalance through ensemble methods, and
(Kvamme et al. 2018) apply convolutional neural networks to mortgage default prediction.
Benchmark studies (Lessmann et al. 2015) systematically compare classification algorithms,
prioritizing discriminative performance metrics such as AUC and accuracy. While these
approaches excel at identifying high-risk borrowers, they estimate associations rather than
causal effects. Our analysis employs formal causal inference methods (Hernán and Robins
2020; Imbens and Donald 2015; Pearl 2009) to estimate the effect of credit limit interventions,
addressing a complementary question relevant to policy evaluation.

Recent work in causal inference in consumer credit markets has begun applying causal
frameworks to credit market questions. (Fuster et al. 2022) investigate how algorithmic
credit screening affects lending decisions and fairness outcomes. Dobbie et al. (2020) use
quasi-experimental variation from bankruptcy flag removal to show that improved credit
reports lead to increases in credit access and reduced default rates. Their mechanism
operates through information revelation rather than direct credit limit changes. (Battaglia
et al. 2024) demonstrate in a microfinance context that repayment flexibility reduces default
rates, supporting financial flexibility mechanisms. Our analysis estimates the causal effect
of credit limit changes specifically, using observational data with explicit adjustment for
measured confounders.

Our study integrates DAG-based causal identification (Pearl 2009) with Bayesian
inference (Gelman et al. 2013) to quantify posterior uncertainty over causal effects. We
combine structural causal models with Bayesian computation (Hoffman and Gelman 2014)
and test robustness to unmeasured confounding using sensitivity analysis (VanderWeele
and Ding 2017). This approach provides explicit uncertainty quantification and formal
assessment of identifying assumptions.

Our findings are consistent with evidence from consumer finance showing that liquid-
ity constraints affect household behavior (Gross and Souleles 2002) and that unused debt
capacity provides financial flexibility during adverse shocks (Denis and McKeon 2012). The
observed negative treatment effect suggests that higher credit limits may reduce default
probability through financial flexibility mechanisms, though our data limitations prevent
direct testing of specific pathways such as utilization ratio changes.

Consistent with recent MDPI studies that employ the Taiwanese credit card default
dataset as a benchmarking standard (Bhandary and Ghosh 2025), the present work uses
this historical dataset to support methodological investigation rather than contemporane-
ous risk prediction. Whereas Bhandary and Ghosh (Bhandary and Ghosh 2025) focus on
predictive performance benchmarking across statistical and machine learning classifiers,
our study makes a distinct contribution by applying Bayesian causal inference with an ex-
plicitly specified directed acyclic graph (DAG), enabling causal effect estimation, principled
posterior uncertainty quantification, and credible interval analysis that are not attainable
within purely predictive frameworks.

By estimating the causal effect of an actionable policy variable (credit limits) within a
formally specified causal model, our findings highlight that credit risk dynamics cannot be
fully understood through exposure-based or predictive reasoning alone.

6. Conclusions
This paper investigated the effect of credit limit increases on default risk using a

Bayesian causal inference framework. By combining DAG-based identification, Bayesian
logistic regression, and posterior predictive simulation on a dataset of 30,000 credit card
customers, we estimated that a one-standard-deviation increase in credit limit is associated
with a reduction of approximately 1.44 percentage points in default probability under a
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causal intervention. After adjusting for key confounders, the results provide evidence
consistent with a protective causal effect of higher credit limits on default outcomes.

Relative to the existing literature, which has largely emphasized predictive perfor-
mance rather than causal mechanisms, this study contributes by isolating the effect of
changes in an actionable policy variable, namely credit limits. Prior research has docu-
mented strong associations between credit behavior and default risk, but comparatively
few studies have applied formal causal frameworks to evaluate credit limit policies. Our
findings therefore extend the literature by providing a more rigorous assessment of how
credit limit adjustments influence borrower outcomes.

From a practical perspective, the results suggest that strategically increasing credit
limits may reduce default rates by enhancing borrowers’ financial flexibility and lowering
utilization ratios. These insights can inform credit policy design, supporting risk man-
agement strategies that balance exposure considerations with borrower resilience and
portfolio performance.

Several limitations should be noted. The analysis relies on data from a single financial
institution during a specific historical period and therefore does not capture the full range of
economic environments, regulatory regimes, or institutional practices observed in modern
credit markets. Although sensitivity analyses indicate robustness to moderate unmeasured
confounding, the possibility that omitted factors influence both credit limit assignment and
default behavior cannot be fully excluded.

We further assumed a linear relationship between credit limits and default probability
on the logit scale. Diagnostic checks suggest that this specification provides a reasonable
approximation for estimating average treatment effects, although it may not fully capture
localized nonlinearities or heterogeneous effects across the credit limit distribution. More
flexible specifications could not be reliably estimated in this setting, and future work with
richer data may allow for a more detailed characterization of nonlinear dynamics.

A key remaining concern relates to unmeasured income. While observed financial be-
havior variables serve as strong proxies and effect estimates are stable across demographic
subgroups, income may represent a stronger confounder than can be fully addressed in the
present analysis. As a result, the magnitude of the estimated effect should be interpreted
with caution, even though reversing the direction of the effect would require implausi-
bly strong confounding. Replication using datasets with direct income measures would
strengthen causal conclusions.

Future research could extend this work by examining heterogeneous or nonlinear
treatment effects, replicating the analysis across diverse lenders and macroeconomic con-
texts, and evaluating dynamic credit limit adjustments over time. Greater attention to
behavioral mechanisms, including utilization responses and liquidity constraints, would
further clarify the channels through which credit limit policies affect default risk.

Overall, the findings suggest that credit limits play a more nuanced role in credit
risk management than exposure-based reasoning alone implies. When viewed through
a causal lens, increases in credit limits may reduce default risk by improving borrower
resilience, highlighting the value of policy decisions informed by causal evidence rather
than predictive associations alone.
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Appendix A

Figure A1. Positivity diagnostics. Top: Credit limit distributions (NT$) by demographics show
substantial overlap across all strata. Middle: Propensity model (R2 = 0.36) predicting credit limit
from 22 confounders. Bottom: Covariate balance (SMD) and credit limit ranges by group. All
demographic strata span nearly the full credit limit range (NT$10K–1M), supporting positivity.
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Figure A2. Linearity diagnostics. Left: Posterior predictive residuals versus standardized credit limit
show random scatter around zero with no systematic curvature. Right: Binned residuals across credit
limit deciles oscillate around zero (range: −0.015 to +0.03) with no monotonic trend, supporting the
linear specification.
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