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Abstract: Precipitation-frequency data are essential for design storms, flood risk assessment,
infrastructure design, and erosion and sediment control plans, but remain uncertain due to regional
heterogeneity and climate variability. Existing precipitation-frequency products are generally based on
stationary estimates and provide limited information on how extreme-precipitation frequency varies
with large-scale climate conditions. Accounting for these spatial and climate variability effects in
models over large domains is computationally intensive, which has limited the generation of such
precipitation-frequency products. In this study, we developed a 0.1° gridded precipitation-frequency
dataset, named PreXFOCUS (Precipitation eXtreme Frequency under Oscillations in Climate across the
Conterminous United States; Takallou et al., 2026), using Bayesian hierarchical modeling of annual
maximum daily precipitation. The dataset IS available on Zenodo at

https://doi.org/10.5281/zen0d0.21979711. Four model formulations were compared, ranging from

independent site-specific estimation to spatially varying extreme-value parameter fields with Gaussian-
copula dependence among annual maxima. Spatial pooling across all GEV parameters combined with

data-level spatial dependence provided the best goodness of fit. The selected model was then used for
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conditional spatial simulation at held-out sites, where the resulting return levels were validated against
estimates obtained from direct model fitting. These return-level estimates were subsequently
incorporated into spatially varying Bernoulli occurrence models to quantify climate-conditioned
changes in their exceedance probabilities. Adding MEI, NAO, and AMO to these occurrence models
improved model fit relative to the time-invariant baseline and shifted exceedance probabilities by up to
40% in some regions. The resulting products provide fine-resolution precipitation-frequency design
estimates and climate-informed return levels across the CONUS, supporting hydrologic modeling,

infrastructure planning, and regional flood-risk assessment.

1 Introduction

Reliable precipitation-frequency estimates are fundamental to hydraulic infrastructure design,
stormwater management, and flood-risk assessment. However, short observational records, irregular
gauge networks, and uncertainty in upper-tail behavior make these estimates difficult to obtain (Hu et
al., 2020; Patel and Schneider, 2026; Scarrott and MacDonald, 2012). The challenges in estimating
extreme precipitation frequency are compounded by regional differences in topography, diverse
precipitation-generating mechanisms, and large-scale climate variability (Lu et al., 2025; Obeysekera
and Salas, 2016; Sun et al., 2015; Sun and Lall, 2015). Therefore, a large-domain precipitation-
frequency dataset is needed to account for regional heterogeneity and temporal climate variability while
also quantifying uncertainty in areas with sparse observations.

Bayesian hierarchical models (BHMs) have been widely used in regional hydrologic-extreme analysis
to combine site-specific extreme-value distributions with spatial latent processes and dependence
structures (Aryal et al., 2009; Atyeo and Walshaw, 2012; Cooley et al., 2007; Davison et al., 2012).
This structure enables spatial pooling, uncertainty propagation, and prediction at locations with limited
or unavailable observations. However, applying spatial Bayesian extreme-value models to continental-

scale gauge networks is computationally demanding, and previous large-domain studies have often
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relied on likelihood approximations, regional subdivision, or simplified spatial representations
(Banerjee et al., 2008; Bracken et al., 2016; Castruccio et al., 2016; Ghosh and Mallick, 2011; Reich
and Shaby, 2012; Ribatet et al., 2012; Schliep et al., 2010). Recent advances in JAX-based probabilistic
programming have improved the computational feasibility of large-scale Bayesian inference (Phan et
al., 2019). This study uses GPU-accelerated Bayesian inference implemented in JAX to enable posterior
estimation for a continental-scale gauge network and generate gridded precipitation-frequency products.
BHMs must represent two distinct forms of spatial structure. The latent process layer describes regional
variation and spatial pooling in the parameters of the GEV distribution, whereas the data layer may
represent dependence among annual maxima after accounting for their marginal distributions. Previous
studies have represented data-layer dependence using conditional independence assumptions (Boumis et
al., 2023; Cooley et al., 2007; Garcia et al., 2018; Lu et al., 2025), copulas (Beck et al., 2020; Bracken
et al., 2016; Renard, 2011), or max-stable processes (Davison et al., 2012; Ribatet et al., 2012; Shang et
al., 2011; Stephenson et al., 2016). Conditional independence cannot represent the joint occurrence of
precipitation extremes across gauges, potentially underestimating their joint probability and spatial
coherence. Copula and max-stable models capture cross-gauge dependence but rely on selected
dependence structures and can be computationally demanding for large networks. This study evaluates
model formulations that spatially pool different combinations of the GEV parameters and either assume
conditional independence or represent inter-gauge dependence at the data layer.

Large-scale climate variability may also alter the probability of extreme-precipitation occurrence.
BHMs represent climate associations by incorporating standard climate indices (SCIs) into their latent
process structures (Aryal et al., 2009; Lima et al., 2015). Previous studies have represented these effects
by allowing GEV parameters to vary with climate indices (Bracken et al., 2018; Garcia et al., 2018; Lu
et al., 2025) or by modeling threshold-exceedance probabilities as functions of climate covariates using
Bernoulli regression (Renard and Thyer, 2019). While the former can decrease identifiability and
increase posterior sampling uncertainty when multiple GEV parameters vary simultaneously (Montanari
and Koutsoyiannis, 2014; Prosdocimi and Kjeldsen, 2021; Serinaldi and Kilsby, 2015), the latter
provides climate-conditioned exceedance probabilities without assigning temporal variability to

predefined GEV parameters. However, precipitation-frequency models that account for climate
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variability across large spatial domains have been limited because of computational challenges
(Bracken et al., 2016). Hence, this study produces precipitation-frequency products that incorporate
large-scale climate indices across CONUS.

Despite advances in regional precipitation-frequency modeling, existing design estimates remain
difficult to reuse for two reasons. First, return levels are typically reported at individual gauges, and
their estimation uncertainty is rarely quantified in a spatially consistent form. This limits their use in
ungauged and sparsely monitored areas and requires users to repeat site-specific analyses. Second,
return levels are conventionally treated as time-invariant, whereas the frequency of extreme
precipitation across the CONUS varies with large-scale climate indices. Therefore, a stationary return
level cannot reflect how the probability of exceeding a design threshold changes with large-scale
climate variability. A dataset that provides spatial return levels together with their posterior uncertainty
addresses the first gap, while climate-conditioned probabilities of exceeding these return-level
thresholds associated with MEI, NAO, and AMO address the second gap.

This study presents PreXFOCUS, a 0.1° gridded precipitation-frequency dataset across the CONUS
generated by applying established spatial extreme-value and climate-informed occurrence models
within a Bayesian hierarchical framework. The data was derived from observations at 936 gauges
during 1951-2020 accounting for regional variation in GEV parameters and inter-gauge dependence.
The dataset provides reference and climate-conditioned return-level estimates, together with their
corresponding credible-interval bounds. These products complement established precipitation-
frequency resources, such as NOAA Atlas 14 (National Oceanic and Atmospheric Administration), by
providing spatially distributed uncertainty estimates and climate-conditioned precipitation-frequency
information. They may be reused for infrastructure and flood-risk analyses, hydrologic and hydraulic

model evaluation, and benchmarking of spatial extreme-value methods.
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2 Methods

2.1 Input datasets

Daily precipitation observations were obtained from the Global Historical Climatology Network
(GHCN-Daily) database through the National Centers for Environmental Information at
(https://www.ncei.noaa.gov/data/global-historical-climatology-network-daily/). The 1951-2020 period
was selected for dataset generation to ensure temporal consistency between the GHCN-D precipitation
and climate variability indices. At each gauge, years with more than 20% missing daily precipitation
observations were considered incomplete and excluded from annual-maximum extraction. For years
satisfying this criterion, annual maxima were computed from the available daily observations without
imputing the remaining missing values. Gauges were retained only if all 70 years met the completeness
criterion and yielded a valid annual maximum. This screening procedure resulted in 936 gauges with
complete annual-maxima series for 1951-2020. To evaluate predictive performance before generating
spatially gridded products, the sites were randomly divided into calibration sites (used for posterior
inference) and held-out sites (excluded from inference and used only for validation), consisting of 327
and 609 sites, respectively. A relatively large held-out set was used to ensure a robust assessment of
spatial prediction performance across diverse hydroclimatic regions. The geographical distribution of

both calibration and held-out sites across CONUS is shown in Fig. 1, overlaid on an elevation map.



120

125

https://doi.org/10.5194/essd-2026-726 Earth System
Preprint. Discussion started: 22 September 2026 Science

(© Author(s) 2026. CC BY 4.0 License. é D a ta

Access
suoIssnasIqg

45°N

40°N

35°N

30°N

25°N
. Calibration gauges
. Held-out Validation gauges

N X
105°W 95°W 85°W 75

115°W

500 1000 1500 2000 2500
Elevation (m)

Figure 1. Elevation map and spatial distribution of calibration and held-out precipitation sites across
CONUS.

To examine climate dependence in exceedance occurrence probabilities, four SCIs were considered.
The Multivariate EI Nifio—Southern Oscillation Index (MEI) and Pacific Decadal Oscillation (PDO)
index were obtained from NOAA (Newman et al., 2016; Wolter and Timlin, 2011). The North Atlantic
Oscillation (NAO) index was obtained from the NCAR station-based dataset, and the Atlantic
Multidecadal Oscillation (AMO) index was obtained from the NCAR Climate Analysis Section (Hurrell
and Deser, 2010; Schneider et al., 2013). Monthly climate indices were averaged to annual values to

ensure consistency with the annual maximum precipitation series.

2.2 Statistical models

This study employs established Bayesian hierarchical models to generate precipitation-frequency

estimates across the CONUS. Annual maxima are modeled following regional Bayesian hierarchical
6
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formulations for spatial extreme-value analysis (Boumis et al., 2023; Bracken et al., 2016; Najafi and
Moradkhani, 2015; Najafi and Moradkhani, 2013; Yan and Moradkhani, 2015, 2016), while the
probability of occurrence of precipitation extremes is modeled as a function of climate indices using
logistic regression (Kwon et al., 2008; Lima and Lall, 2009; Renard and Thyer, 2019). Detailed
hierarchical specifications, and covariance formulations are provided in Appendix A1-A4.

The annual maxima, denoted by Y (s, t) at location s and year t, are modeled as block maxima using the
GEV distribution, with the parameter vector at location s defined as:

0(s) = [n(s),0(s),¢ (s)], 1)
where p (s), o (s) > 0, and & (s) denote location, scale, and shape parameters, respectively. Once 0(s)
is estimated, the precipitation return level, z,, corresponding to a specified exceedance probability, p,
can then be calculated as:

zp = —z(1 - (=log(1 — p))~¥), 2

This formulation follows the standard GEV parameterization for block maxima (Coles et al., 2001;
Mishra and Singh, 2010). Because the scale parameter must be positive, log[o(s)] was modeled; for
notational simplicity, it is referred to as o(s) hereafter.

Four model formulations (M1-M4), adapted from established spatial extreme-value modeling
approaches, were implemented and comparatively evaluated to determine the representation most
suitable for generating the precipitation-frequency dataset. M1 estimates site-specific GEV parameters
without spatial pooling (Coles et al., 2001). M2 introduces spatial pooling of the location and log-scale
parameters while retaining a spatially homogeneous shape parameter, consistent with previous regional
Bayesian extreme-value applications (Boumis et al., 2023; Lu et al., 2025; Najafi and Moradkhani,
2013, 2015; Yan and Moradkhani, 2015, 2016). In the spatially pooled formulations, spatial variation in
the GEV parameters was represented using latent Gaussian processes (GPs), with longitude, latitude,
and elevation included in the mean structure and an exponential covariance function used to represent
distance-based spatial dependence. The complete GP formulation is provided in Appendix Al. M3
additionally allows the GEV shape parameter to vary spatially, as considered in previous hierarchical
extreme-value studies (Cooley and Sain, 2010; Lima et al., 2016; Wu et al., 2018, 2019). M4 retains the

spatial structure of M3 and additionally represents dependence among annual maxima at the data layer
7
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using a Gaussian copula, following previous applications of copula-based spatial extreme-value models
(Bracken et al., 2016; Renard, 2011). Such dependence can arise when large storm systems produce
concurrent precipitation extremes across multiple locations (Sharkey and Winter, 2019). Complete
mathematical specifications of M1-M4 are provided in Appendix A2—A3, and the criteria used to select
among them are described in Sect. 2.4.

Models M1-M4 represent the annual maximum precipitation using time-invariant GEV parameters and
do not explicitly include climate-related temporal variation. This study applies a Bernoulli model to
represent the occurrence of extreme precipitation events, following previous applications to hydrologic
extremes (Lima and Lall, 2009; Renard et al., 2022; Renard and Thyer, 2019), and incorporates large-
scale SCIs into the latent occurrence process, consistent with previous climate-conditioned extreme-
value studies (Aryal et al., 2009; Bracken et al., 2018; Lima et al., 2015). The complete Bernoulli
occurrence-model formulation is provided in Appendix A4.

The Bernoulli occurrence model requires a site-specific threshold to define the binary exceedance
response. Therefore, the model selected from M1-M4 was used to estimate the 2-, 5-, 10-, 25-, 50-, and
100-year return levels at each site, which were then used as site-specific exceedance thresholds to
define binary indicators from the annual maximum precipitation records. Six separate Bernoulli
occurrence models were then fitted, one for each return-period threshold. For each threshold, the
exceedance probability was modeled as a function of large-scale climate conditions through spatially
varying regression coefficients. Additional details on the occurrence-model specification are provided
in Appendix A4. Weakly informative priors were assigned to the model parameters and
hyperparameters to regularize estimation while allowing the observations to dominate posterior
inference.

To assess whether incorporating large-scale climate variability improves the representation of
exceedance occurrence relative to a time-invariant baseline, multiple candidate formulations were
evaluated. The occurrence-model candidates included an intercept-only baseline model, denoted N1,
and candidate formulations incorporating individual and combined climate indices from AMO, MEI,
NAO, and PDO. The climate-conditioned formulation selected through the model-selection procedure

described in Sect. 2.4.2 was denoted N2. These models are referred to as climate-conditioned because



185

190

195

200

205

210

https://doi.org/10.5194/essd-2026-726 Earth System
Preprint. Discussion started: 22 September 2026 Science

© Author(s) 2026. CC BY 4.0 License. g D a t 3

Access
suoIssnasIqg

the exceedance probabilities vary annually with the observed climate-index values. This formulation

does not imply a deterministic temporal trend or temporal variation in the underlying GEV parameters.

2.3 Posterior estimation and spatial prediction

Posterior distributions were sampled using the No-U-Turn Sampler (NUTS) (Hoffman and Gelman,
2014), an extension of Hamiltonian Monte Carlo (HMC) (Neal, 2011), implemented in NumPyro
version 0.18.0 with JAX version 0.4.28 and Python version 3.10.17. NumPyro enables efficient
Bayesian inference through JIT compilation, automatic vectorization, and GPU/TPU acceleration (Phan
et al., 2019). For each model, three parallel chains were run for 3,000 iterations, with the first 2,000
iterations discarded as warm-up, yielding 3,000 total post-warm-up samples for inference. Convergence
was assessed using the split-R statistic and effective sample size (Nerr)(Vehtari et al., 2021). Chains

were considered converged when (a) split-R = 1.0, and (b) % > 0.1, where N represents the total

number of post-warm-up iterations.

Spatial prediction was performed to estimate latent GEV parameter surfaces at held-out sites and
gridded locations. For each posterior draw, the latent GP process was conditionally simulated at target
locations using the fitted GP mean function, covariance structure, observed gauge locations, and site
covariates, following the conditional GP formulation (Davison et al., 2012; Renard, 2011; Yan and
Moradkhani, 2015). This procedure propagates posterior uncertainty in both the regression coefficients
and GP covariance parameters to target locations. The conditionally simulated GEV parameters were
then used to compute return levels and posterior predictive annual maxima at held-out sites. For M4,
posterior prediction additionally conditioned the Gaussian copula field on calibration-site observations

to preserve spatial dependence among annual maxima at held-out sites.

2.4 Model selection and evaluation

Although statistical formulations considered here have been previously applied and evaluated in
different regions, their relative goodness of fit and predictive performance can depend on the spatial
extent, hydroclimatic heterogeneity, and observational network of the application domain. Therefore,
before generating the CONUS precipitation-frequency products, the candidate annual-maximum models

9



215

220

225

230

235

https://doi.org/10.5194/essd-2026-726 Earth System
Preprint. Discussion started: 22 September 2026 Science

© Author(s) 2026. CC BY 4.0 License. g D a t 3

Access
suoIssnasIqg

(M1-M4) and occurrence models (N1-N2) were comparatively evaluated to identify the formulations

most suitable for representing the observations across the study domain.

2.4.1 Annual-maximum models

The four model formulations, M1-M4, were compared using the deviance information criterion (DIC)
and the widely applicable information criterion (WAIC). DIC combines a measure of goodness of fit,
based on the posterior mean deviance, with a penalty for model complexity represented by the effective
number of parameters (Spiegelhalter et al., 2014). WAIC is based on the Bayesian predictive
distribution and estimates the Bayes generalization loss while accounting for posterior variability; it is
asymptotically equivalent to Bayesian leave-one-out cross-validation (Watanabe and Opper, 2010).
Lower values of both criteria indicate better-supported models.

After model comparison, predictive performance was evaluated at both calibration and held-out sites
using reliability, precision, and probabilistic accuracy metrics. Reliability was assessed using
probability integral transform (PIT) values obtained by evaluating the posterior predictive distribution at
each observed annual maximum. For a calibrated predictive distribution, the PIT values are expected to
follow a uniform distribution. Deviations from uniformity were summarized using the a-index (Renard
et al., 2010). Precision was assessed using two complementary metrics: the differential entropy of the
fitted GEV distributions (reported in natural units, or nats) and the posterior coefficient of variation
(CV) of the 100-year return level (Ry99) (Cover, 1999). Conditional GEV entropy was calculated for
each posterior parameter draw and averaged across draws to quantify the spread of the fitted at-site
GEV distributions. As differential entropy measures the absolute spread of the fitted GEV predictive
distribution, the CV of posterior return-level samples were introduced to measure relative uncertainty in
high-return-period tail estimates. Utilizing both metrics allows precision to be evaluated in terms of
both distributional spread and relative uncertainty in design-relevant return levels. Overall probabilistic
accuracy was evaluated using the continuous ranked probability skill score (CRPSS), which evaluates
the CRPS of each model against a reference forecast (Matheson and Winkler, 1976) defined using a

leave-one-out empirical climatology at each site. The leave-one-out empirical climatology is an

10
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observation-based reference distribution: for each target year it is formed from the observed annual
maxima at that site with the target year withheld, and therefore represents the predictive skill obtainable
from the historical record alone rather than from any fitted model.

2.4.2 Occurrence models

The time-invariant baseline model, N1, was compared with candidate climate-conditioned formulations
containing different combinations of AMO, MEI, NAO, and PDO. Candidate models were evaluated
using the stepwise DIC-based procedure described in Sect. 2.4.1 (Ntzoufras, 2011). The number of SCls
was increased incrementally, and all candidate combinations were evaluated at each model size. The
combination with the lowest DIC was retained, and the selection procedure was terminated when adding
another SCI did not reduce DIC relative to the best model from the preceding step. The climate-
conditioned model selected through this procedure was denoted N2. Because the responses in the
occurrence models are binary, N1 and N2 were evaluated using metrics appropriate for probabilistic
binary prediction. The Brier score was used to assess the accuracy of predicted exceedance
probabilities, with lower values indicating better probabilistic performance (Brier, 1950). In addition,
the area under the receiver operating characteristic curve (AUC) was used to evaluate how well each
model ranked exceedance events above non-exceedance events. Together, these metrics were used to
demonstrate the added value of incorporating SCIs in N2 for representing the probabilistic occurrence
of extreme events relative to the time-invariant N1 baseline.

2.5 Dataset generation

The final objective of this study is to generate PreXFOCUS, a spatially gridded precipitation-frequency
dataset across CONUS, using the established model formulations that showed the best overall
performance in representing annual maximum precipitation across the study domain. To assess whether
return levels obtained through conditional spatial simulation were consistent with those estimated by
directly fitting the model to local observations, the held-out sites were randomly divided into two
approximately equal validation subsets. For each set, 10- and 100-year return levels were obtained in
two ways: (i) conditional spatial simulation from the calibration-site posterior, and (ii) direct refitting of

the selected formulation to the validation-set observations. Statistical agreement between the resulting

11
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posterior mean return-level estimates was quantified using NSE and percentage bias metrics (Nash and
Sutcliffe, 1970). To evaluate the selected annual-maximum model against an existing precipitation-
frequency product, its posterior-mean 2-, 5-, and 10-year return levels were compared with NOAA
Atlas 14 estimates using empirical quantiles of the observed annual maxima as a reference, with
performance quantified using mean absolute error (MAE). Because the observational record spans 70
years, the comparison was limited to these return periods. Following this evaluation, posterior draws of
the selected model’s GEV parameter fields were conditionally simulated on a 0.1° grid across the
CONUS, and the resulting gridded parameter estimates were used to calculate GEV-based return levels
for the 2-, 5-, 10-, 25-, 50-, and 100-year return periods at each grid cell.

To generate products accounting for climate variability, the N2 model for each return-period
threshold was used to estimate annual exceedance probabilities at each grid cell and year. For an r-year

threshold qlef(s), P.(s,t) denotes the probability that annual maximum precipitation at location s
exceeds the threshold under the climate conditions of year t. The effective return period of the threshold

was calculated as

1
Tertr (5, 8) = o0 3)

When P,.(s,t) > 1/r, the threshold is exceeded more frequently than its nominal rate and T (((s, t) <

r; therefore, a larger precipitation magnitude is required to maintain an r -year return period.
Conversely, when P.(s,t) < 1/r, the threshold is exceeded less frequently, T,s¢(s,t) > r, and the

corresponding r-year return level is lower than the M4 reference estimate. Climate-conditioned return
levels were then obtained by inverting the exceedance-probability curve.

At each grid cell and year, the effective return periods were paired with their corresponding reference
return-level magnitudes to construct a local return-level curve. Hydrologic frequency curves are
commonly represented with return period on a logarithmic scale (England Jr et al., 2018; Gumbel, 1941;
Miniussi and Marra, 2021). Accordingly, monotonic PCHIP interpolation was performed in log-return-
period space. As an exploratory analysis, the suitability of this interpolation was additionally assessed
using empirical frequency curves derived directly from the observed annual maxima, where

interpolation between selected empirical return-period points was evaluated against the remaining

12
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empirical quantiles within the interpolation range. This procedure identifies the magnitude whose

exceedance probability corresponds to the target return period under the climate conditions of year t.

3 Results and Discussion

The reliability and reusability of the PreXFOCUS dataset were evaluated through comprehensive
validation and performance analyses. First, four annual-maximum model formulations were assessed
using their held-out observed precipitation extremes and associated predictive uncertainty. Second, the
spatial predictive performance of the models was evaluated at held-out gauges using conditional
posterior simulation. Third, the Bernoulli occurrence model was used to evaluate whether incorporating
standard climate indices in the model improved the return-level exceedance probabilities. Finally, the
selected annual-maximum and occurrence models were combined to generate and evaluate the resulting
reference and climate-conditioned gridded return-level estimates across the CONUS. The results of
these evaluations are presented and discussed in the following sections, along with the dataset's

operational strengths and inherent technical limitations.

3.1 Statistical evaluation of spatial model formulations

The four annual-maximum model formulations (M1-M4) were fitted to the calibration-gauge records
and evaluated using goodness-of-fit criteria. MCMC sampling converged for all four formulations, and
the convergence diagnostics defined in Sect. 2.3 were satisfied in every case, so the posterior samples
were considered reliable for the model comparison presented below. To address the risk of unnecessary
model complexity introduced by highly parameterized formulations, DIC was used to evaluate the
optimal trade-off between fit and effective complexity, where lower values indicate better performance
(Spiegelhalter et al., 2002). WAIC was also computed as a supplementary diagnostic. The DIC and
WAIC values for M1-M4 are reported in Table 1.

Table 1. DIC and WAIC values for models (M1-M4) fitted to the annual-maximum precipitation records at the calibration
sites.
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Model DIC WAIC
M1 306151.69 306201.16
M2 305963.78 305983.84
M3 305902.06 305950.12
M4 304087.09 304104.72

M1, which estimates site-specific GEV parameters without spatial pooling, produced the highest DIC
and therefore the weakest fit among the four models. Introducing spatial pooling reduced DIC in M2
and M3, with M3 showing better performance by allowing the GEV shape parameter to vary spatially.
M4 achieved the minimum DIC among all formulations, indicating that representing data-layer spatial
dependence through a Gaussian copula improved the model fit.

While M4 provided the best overall goodness-of-fit, predictive uncertainty and performance of all
formulations were further evaluated using several diagnostic metrics. Reliability was assessed using the
a-index, which quantifies deviation from the 1:1 line in the predictive Q—Q plot. At calibration sites,
posterior predictive samples from each model were compared with the observed annual maxima. At
held-out sites, posterior predictive samples from M2-M4 were generated through conditional spatial
simulation and compared with the corresponding observations. As M1 lacks a spatial process layer and
cannot predict at unobserved sites, it was fitted directly to the held-out records to provide an at-site
benchmark. For M4, the held-out posterior predictive samples were additionally conditioned on the
calibration-site annual maxima through the Gaussian copula structure described in Sect. 2.3.

To evaluate distributional reliability, a-index values were calculated by pooling predictive probabilities
across all site—year combinations, separately for the calibration and held-out sites. Values closer to 1
indicate greater reliability. All configurations exhibited strong predictive reliability, yielding a-index
values consistently near the ideal value of 1. At the calibration sites, M3 produced the highest value
(0.995), followed closely by M2 and M4, while M1 showed the lowest value (0.982). At the held-out

14
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sites, M2 achieved the highest value (0.982), followed by M3 (0.981) and M4 (0.976). Cumulatively, a-
index demonstrated that all four formulations produced reliable posterior predictive quantiles.
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Figure 2. Comparison of uncertainty, precision, and probabilistic skill for models M1-M4 at the calibration and held-out
sites. Panels (a) and (b) show differential entropy versus the posterior coefficient of variation of R o9, for the calibration and
held-out sites, respectively; dashed lines indicate the median of each metric across sites. Panels (c) and (d) show the
distributions of CRPSS values relative to the leave-one-out empirical climatology for the calibration and held-out sites,
respectively.
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Further, the model formulations were compared in terms of precision and overall probabilistic accuracy
using differential entropy, the posterior CV of R, 49, and CRPSS. Figure 2 summarizes these results for
both calibration and held-out sites. Differential entropy was similar across M1-M4 at both calibration
and held-out sites, although M4 exhibited marginally higher values overall. In contrast, the posterior CV
of Ry 99 Showed more pronounced differences among the models. M1 produced the largest CV values,
indicating higher relative uncertainty in high-return-period estimates when no spatial pooling is used.
Models M2 and M3 produced narrower posterior CVs than M1, reflecting the effect of spatial pooling
in the latent process of the GEV parameters on return-level estimation uncertainty. Overall, the results
suggest that omitting spatial pooling among GEV parameters tends to overestimate predictive
uncertainty, whereas ignoring data-layer spatial dependence among annual maxima may result in
underestimation.

Figure 2 (c) and (d) show the CRPSS results across calibration and held-out sites evaluating predictive
skill of models relative to the leave-one-out empirical climatology at each site. Across calibration sites,
M4 produced the highest median CRPSS, indicating improved probabilistic skill relative to the other
formulations. M4 outperformed M1 at held-out sites, even though M4's posterior predictive
distributions at these sites were generated through conditional simulation rather than direct site-level
fitting. However, the wider spread of CRPSS values for M4 at held-out sites suggests that the
magnitude of improvement varies spatially, with some locations showing limited or negative skill
relative to the empirical climatology. Moreover, sharper uncertainty does not necessarily imply better
predictive performance. Although M2 produced the sharpest predictive distributions, its higher DIC and

lower CRPSS indicate weaker overall performance compared with M3 and M4.
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Figure 3. Spatial distribution of M4 probabilistic performance and uncertainty metrics at held-out sites across CONUS: (a) reliability a-
index, (b) CRPSS relative to leave-one-out empirical climatology, (c) differential entropy, and (d) posterior coefficient of variation for
Ry.99. Metrics were computed from posterior predictive samples generated through conditional spatial simulation.

Figure 3 shows the spatial variation of probabilistic metrics for model M4 across held-out sites over
CONUS. The o-index values in Fig. 3a were computed separately at each held-out site using its full
record of predictive probabilities and therefore show greater variability than the domain-wide values
reported earlier. Reliability was generally higher across the eastern U.S. and lower across parts of the
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Rocky Mountains and the western U.S. For example, the median a-index was 0.88 for held-out sites
east of 100°W, compared with 0.77 for sites west of 100°W.

A similar spatial pattern was observed for CRPSS, with values as low as -0.2 at some western sites and
exceeding 0.2 at several eastern sites relative to the leave-one-out empirical climatology. Figure 3c
shows a spatially coherent pattern in differential entropy, with values near 5.6 nats across higher-
elevation regions and increasing toward the Gulf Coast, where they reach approximately 7.5 nats. In
contrast, the posterior CV of the 100-year return level in Fig. 3d is more spatially heterogeneous and
exhibits no clear relationship with elevation. This difference arises because return-level CV reflects the
joint posterior uncertainty in all three GEV parameters, whereas GEV differential entropy depends only
on the scale and shape parameters.

The calibration network is denser in the eastern CONUS (Fig. 1), which provides more nearby
information for conditional spatial simulation than in sparsely sampled western regions. In contrast, the
sparser gauge network across the western CONUS, particularly in mountainous regions, limits the
information available for estimating held-out-site posterior distributions. The lower differential entropy
observed in parts of the Rocky Mountains, together with reduced reliability and CRPSS, suggests that
predictive uncertainty may be underestimated in some of these regions. In contrast, higher differential
entropy along the Gulf Coast indicates wider predictive distributions, consistent with greater uncertainty
in regions affected by intense storm systems (Knight and Davis, 2009). The posterior CV of R 49 Was
also higher in areas with sparse nearby calibration sites and in parts of the Gulf Coast, indicating larger
relative uncertainty in high-return-period estimates. These results show that although M4 improves
overall spatial prediction skill, its performance varies regionally.

Although M4 provided the strongest overall performance among the evaluated formulations, its spatial
predictions are optimized for specific operational scopes. The Gaussian copula used in M4 represents
dependence in the main body of the distribution but has no upper-tail dependence, implying asymptotic
independence among extreme precipitation values across sites (Beck et al., 2020; Bracken et al., 2016).
In addition, the stationary exponential dependence structure imposes a common spatial decay function
across the CONUS, despite documented spatial variation in the local dependence and tail-dependence

structures of U.S. precipitation extremes(Castro-Camilo and Huser, 2020). The resulting products
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should therefore be interpreted with caution in applications that depend specifically on joint extremes at
multiple locations. A major limitation of M4 is the restriction to strictly positive GEV shape parameters.
In regions where the true shape parameter is near zero or negative, this constraint can impose an
excessively heavy upper tail and may overestimate high-return-period precipitation (Papalexiou et al.,
2018; Papalexiou and Koutsoyiannis, 2013). Future work should investigate alternative copula families
and max-stable processes to better characterize spatial and tail dependence among extremes (Reich and
Shaby, 2012; Renard, 2011).

3.2 Out-of-sample validation and comparison with NOAA Atlas 14

The conditional spatial simulations were evaluated using the two non-overlapping subsets of held-out
gauges described in Sect. 2.5. The conditional spatial simulations for held-out sites were compared with
the direct-fit return-level estimates obtained from M4 using observations at those sites. The direct-fit
results were treated as comparison estimates to evaluate spatial transferability rather than treating them
as error-free reference values to validate the GEV model. Figure 4 shows the percentage error between
the conditional-simulation and direct-fit reference estimates for the mean 10- and 100-year return levels,
Ry90 and R, o9, across the two validation subsets. The percentage error was calculated by normalizing
each site-level estimation error by the mean direct-fit reference estimate across all sites. This common
denominator facilitated consistent comparisons among regions and prevented small site-level reference
values from producing disproportionately large percentage errors. Overall, the conditional simulation
estimates showed strong alignment with the direct-fit estimates, with NSE ranging from 0.74 to 0.85
across the four validation cases. Higher NSE values indicate agreement between the two estimations,
suggesting that the conditional spatial simulation procedure can reproduce held-out-site return-level

estimates.
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Figure 4. Maps show percentage error between return-level estimates obtained from conditional spatial simulation and reference estimates
obtained by fitting M4 directly to the annual maxima at held-out validation subsets. Results are shown for the mean 10-year and 100-year
return levels, Rg g and Ry g9, across two validation subsets.

The percentage errors were also generally larger for Ry than for Ry, , indicating that
predictive accuracy decreases for less frequent events. This is expected because high-return-period
estimates are more sensitive to uncertainty in the GEV scale and shape parameters, whereas lower-
return-period estimates are more strongly controlled by the location parameter. Therefore, small
differences in estimated scale and shape can lead to larger discrepancies in R, 9. Figure 4 shows that
errors for the 100-year return level were larger and more spatially variable than those for the 10-year
return level, indicating greater sensitivity of long-return-period estimates to uncertainty in the GEV

scale and shape parameters. The maps show larger positive errors concentrated along parts of the
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Pacific Coast. In the northern Pacific Coast region, comparatively sparse calibration-gauge coverage
and strong orographic gradients in extreme precipitation limit the local information available for spatial
prediction, causing the conditionally simulated fields to be smoothed toward broader regional behaviour
and resulting in overestimation at some sites. Overestimation at northern California sites and
underestimation in southern California and the southern United States, particularly Texas at longer
return periods, highlight regional heterogeneity in performance under a single continental-scale spatial
model.

To further evaluate the performance of M4 in estimating time-invariant return levels relative to an
existing precipitation-frequency dataset, posterior-mean return levels for the 2-, 5-, and 10-year return
periods were compared with NOAA Atlas 14 estimates using empirical quantiles of the observed annual
maxima as a reference. Figure 5 compares M4 and NOAA Atlas 14 return-level estimates against the
empirical quantiles at both calibration and held-out sites, and their agreement was evaluated using
MAE.
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Figure 5. Comparison of the 2-, 5-, and 10-year return-level estimates from M4 and NOAA Atlas 14 against empirical
quantiles of the observed annual maxima at calibration sites (top row) and held-out sites (bottom row). M4 values represent
posterior-mean return-level estimates; at held-out sites, these were obtained through conditional simulation of the spatial
parameter fields. NOAA Atlas 14 estimates, derived using regional frequency analysis based on L-moments, are included as
an external benchmark. The dashed line indicates perfect agreement with the empirical quantiles, and the mean absolute error
(MAE) for M4 and Atlas 14 is reported in each panel.

Both NOAA Atlas 14 and M4 showed generally good agreement with the empirical quantiles, while M4

provided closer agreement across the evaluated return periods. At the calibration sites, the MAE of M4
was reduced by 87.8%, 66.0%, and 47.1% relative to NOAA Atlas 14 for the 2-, 5-, and 10-year return
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periods, respectively. At the held-out sites, the corresponding reductions were approximately 61%,
26%, and 2%. The performance at the held-out sites further demonstrates the ability of the spatially
pooled M4 formulation to estimate return levels at unobserved locations, as these estimates were
obtained through conditional simulation without using observations from the held-out sites for model
fitting. The MAE of M4 increased with return period at both calibration and held-out sites, consistent
with the increasing influence of sampling variability on upper-tail estimation from finite observational
records. In addition to posterior-mean return levels, M4 provides posterior distributions that
characterize uncertainty in the estimated precipitation frequencies. Overall, the comparison indicates
that M4 provides more accurate time-invariant precipitation-frequency estimates than NOAA Atlas 14
for most of the evaluated cases, while maintaining the ability to generate probabilistic estimates at
locations without observations. While these estimates characterize the time-invariant precipitation-
frequency distribution, the occurrence probability of extreme events can vary from year to year in
response to large-scale climate variability. The following section, therefore, evaluates the climate-

conditioned occurrence model used to represent this temporal variability.

3.3 Climate-conditioned occurrence model evaluation

Bernoulli occurrence models were constructed using return-level thresholds from M4, the best-
performing annual-maximum formulation. The SCI combination was then determined using the
stepwise DIC-based selection procedure described in Sect. 2.4. Table 2 summarizes the DIC values for

the candidate occurrence-model structures.

Table 2. DIC values for candidate Bernoulli occurrence models evaluated during the stepwise climate-index selection procedure.

AMO NAO MEI PDO DIC Number of SCls
X X X 14394.03 0
v X X X 14363.73
X 14359.00
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The DIC-based selection was conducted using exceedances of the site-specific posterior-mean 10-year
return-level threshold, R 99, estimated from M4. As shown in Table 2, including MEI, NAO, and AMO
in N2 produced the largest reduction in DIC relative to the baseline model N1 among the candidate
index combinations. Including MEI in N1 resulted in the greatest improvement in model fit among the
single-index models, while adding NAO to the MEI-based model provided a further improvement and
outperformed the other two-index specifications. Adding AMO further improved model fit, whereas
adding PDO provided no additional improvement. The selected N2 structure was retained for the
remaining thresholds to maintain a consistent model specification across the released products. To
further evaluate whether this improvement translated into better probabilistic classification, N1 and N2
were compared using AUC and Brier score across multiple exceedance thresholds at calibration and

held-out sites.

Table 3. Comparison of the baseline occurrence model N1 and the selected climate-informed occurrence model N2 using
AUC and Brier score across return-level exceedance thresholds at the calibration and held-out sites.

AUC Brier Score

Sites N1 N2 N1 N2 Threshold
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Calibration 0.530 0.617 0.0861 0.0849
Held out 0.542 0.550 0.1034 0.1030 Ro.9
Calibration 0.545 0.618 0.0338 0.0336
Held out 0.557 0.572 0.0490 0.0489 Ryoc
Calibration 0.560 0.630 0.0164 0.0164
Held out 0.617 0.618 0.0283 0.0282 Ry 98

Table 3 shows that N2 consistently improved AUC relative to N1 across all evaluated thresholds, with
gains ranging from 12% to 16% at the calibration sites. In contrast, the Brier score improvements were
relatively small. Improvements were also observed at the held-out sites, although the magnitude of
improvement was smaller than at the calibration sites. Improvements in AUC and Brier scores indicate
that including SCIs enhanced the model’s ability to distinguish between exceedance and non-
exceedance years. The moderate AUC values likely reflect the low frequency of return-level
exceedances and the limited number of positive events available in the 70-year observational record,
particularly at higher thresholds. This data limitation increases uncertainty in estimating climate—
exceedance relationships. Nevertheless, the consistently higher AUC values for N2 indicate that
incorporating climate indices improved the ranking of exceedance years relative to non-exceedance
years, although the improvement remained modest.

The occurrence models used posterior mean M4 return levels as fixed thresholds. Hence, uncertainty in
the GEV parameters and M4 return-level estimates was not propagated into the estimated climate-
conditioned exceedance probabilities, effective return periods, or climate-conditioned return levels. The
uncertainty associated with these products is therefore conditional on the selected M4 thresholds. A
joint hierarchical formulation could propagate uncertainty across both modeling stages, although it

would require substantially greater computational resources.
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To assess the spatial influence of each climate index on extreme-precipitation occurrence, conditional

spatial simulation was used to estimate exceedance probabilities at held-out sites. For each return-level

threshold, baseline probabilities were computed with all standardized SCls set to zero. Each SCI was

then increased individually to +1, representing a one-standard-deviation increase, while the others

remained at zero. Figure 6 shows the resulting percentage change in exceedance probability relative to

the baseline.
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Figure 6. Relative change in exceedance probability associated with one-standard-deviation increase in an individual climate

index. Rows correspond to AMO, MEI, and NAO, while columns correspond to the 5-, 10-, and 50-year reference
thresholds. At each held-out gauge, the indicated climate index was increased from its mean to +1 standard deviation, while
all other standardized indices were held at zero. The resulting posterior mean exceedance probability was compared with the
530 baseline probability obtained when all standardized climate indices were set to zero. Positive (red) and negative (blue) values
indicate higher and lower posterior mean exceedance probabilities, respectively, relative to the baseline.

26



535

540

945

550

555

https://doi.org/10.5194/essd-2026-726 Earth System
Preprint. Discussion started: 22 September 2026 Science

© Author(s) 2026. CC BY 4.0 License. g D a t 3

Access
suoIssnasIqg

Figure 6 shows that the relative changes are generally larger for less frequent events, such as R, og,
indicating that climate variability has a stronger effect on high-threshold exceedance probabilities than
on more frequent events. Positive values indicate that the reference precipitation threshold is more
likely to be exceeded, whereas negative values indicate a lower exceedance probability. Modes of
climate variability altered the probability of extreme-precipitation occurrence by more than 40% in
some regions, with NAO exerting its strongest influence over the eastern U.S., MEI primarily affecting
the Pacific Coast region, and AMO showing comparatively weaker but more geographically widespread
effects. An additional benefit of integrating N2 with M4, as described in Sect. 2.5, is that the climate-
conditioned exceedance probabilities provide regional adjustments to the M4 return-level estimates. In
the Pacific Southwest, exceedance probabilities above the nominal values implied by M4 indicate that
the reference thresholds occur more frequently, reducing their effective return periods and increasing
the corresponding return-level estimates. This adjustment may reduce the underestimation observed in
the region. In contrast, lower exceedance probabilities across the Great Basin and Rocky Mountains
increase the effective return periods and reduce the corresponding return-level estimates, potentially
correcting regional overestimation.

The spatial patterns estimated by N2 were broadly consistent with previous studies, which have shown
that ElI Nifio conditions are associated with more frequent extreme precipitation across parts of
California, the Southwest, and the southern tier, although the response remains regionally
heterogeneous (Bracken et al., 2015; Cayan et al., 1999; Shang et al., 2011). N2 also indicated a
pronounced NAO influence across the eastern U.S., consistent with previous evidence that NAO effects
on extreme winter precipitation are strongest over eastern North America (Whan and Zwiers, 2017).
However, the results presented here are based on statistical inference from the occurrence model. A
detailed physical attribution of the regional responses to each climate index is beyond the scope of this
study.
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3.4 Evaluation of climate-conditioned precipitation frequency products

Figure 7 presents maps of the effective return periods associated with the 5-, 10-, and 25-year thresholds
for four representative years: 1971, which had the most negative MEI value; 1987, which had the most
560 positive MEI value; 2010, characterized by strongly negative MEI and NAO conditions; and 2015,
characterized by simultaneously positive MEI and NAO conditions. The N2 occurrence model was used
to estimate exceedance probabilities and derive the corresponding effective return periods, with the
posterior mean return levels from M4 treated as fixed thresholds. N2 therefore quantifies how the
probability of exceeding each M4 threshold varies with climate conditions, whereas the nominal

565 exceedance probability under the time-invariant M4 formulation is approximately 1/r.
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Figure 7. Spatial maps of the effective return periods derived from N2-estimated exceedance probabilities for
thresholds corresponding to the (a) 5-year, (b) 10-year, and (c) 25-year return levels from M4. From top to
bottom, the rows represent 1971, 1987, 2010, and 2015.

Figure 7 illustrates how climate-conditioned effective return periods vary by year, region, and threshold.

An effective return period shorter than the baseline indicates more frequent exceedance of the

corresponding precipitation threshold, whereas a longer effective return period indicates less frequent

exceedance. For example, a precipitation magnitude corresponding to the baseline 5-year return level

had an effective return period of approximately 2 years in the Southwest during 2010, compared with
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about 13 years in the Northeast during 2015. Threshold dependence was also evident in 1987, when
reduced effective return periods extended from the Southwest into the central United States at the 5-year
threshold but became more concentrated in the Southwest at the 10- and 25-year thresholds. The
positive MEI and NAO phases in 2015 were associated with pronounced changes across the
southeastern CONUS. In 2010, despite the negative MEI phase, the occurrence model estimated
pronounced changes in the Pacific Southwest, primarily associated with the strongly negative NAO
phase. These spatial contrasts and the comparatively weak response in the upper Midwest are consistent
with documented regional differences in the influence of climate variability on precipitation extremes
(Glantz, 2001; Nizamani et al., 2025; Yu et al., 2017).

The estimated exceedance probabilities for each grid cell, year, and threshold were used to derive
climate-conditioned return-level estimates. Figure 8 compares the M4 reference return levels with the
corresponding climate-conditioned estimates for 1971, 1987, 2010, and 2015 at the 5-, 10-, and 25-year

return periods.
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Figure 8. Spatial maps of precipitation return levels for the 5-, 10-, and 25-year return periods, shown in columns (a)—(c),
590 respectively. The top row presents the reference return-level estimates from M4, whereas the subsequent rows show the
corresponding estimates accounting for climate variability in 1971, 1987, 2010, and 2015.
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The climate-conditioned maps show that precipitation return levels vary among years in response to
different modes of climate variability. For example, the estimated return levels across the eastern and
southeastern U.S. in 2015 were higher than the M4 estimates, consistent with the concurrent positive
phases of NAO and MEI. In contrast, the 2010 estimates were generally lower than those from M4
under the concurrent negative phases of these two indices. Across return periods, the lowest estimates
were primarily located over the interior western U.S., across the Great Basin and the inland Pacific

Northwest, whereas the highest values occurred along the Gulf Coast, extending from coastal Texas and
southern Louisiana to coastal Alabama. These high Gulf Coast return levels are consistent with the
influence of tropical cyclones and their associated intense precipitation, as exemplified by Hurricane
Harvey in 2017 (van Oldenborgh et al., 2017). The location of the maximum return level also shifted
with return period. For longer return periods, the maxima were concentrated along the western Gulf
Coast, particularly in Texas, whereas for shorter return periods they occurred farther east, especially in
Alabama. This pattern indicates that incorporating N2 increased the M4 return-level estimates in
regions where M4 showed greater underestimation, particularly at longer return periods.

In contrast, the southern Rocky Mountains exhibited persistently lower annual extreme-precipitation
return levels than most other regions of CONUS (Guirguis and Avissar, 2008; Rupp et al., 2022), partly
because western mountain ranges, including the Sierra Nevada and Cascades, intercept Pacific moisture
transport associated with atmospheric rivers and limit its penetration into the interior Southwest (Rutz et
al., 2014).

As climate-conditioned return levels were obtained by interpolating exceedance curves, the estimates
should be interpreted within the supplied return-period range together with the accompanying posterior
uncertainty and spatial-support fields. Reuse of the dataset should generally remain within the supplied
return-period range unless additional validation is performed. Future extensions could consider
alternative copula families, regionally varying dependence structures, joint estimation of the annual-

maximum and occurrence components, and seasonally resolved climate predictors.
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3.5 Potential applications and community use

PreXFOCUS provides 0.1° gridded reference and climate-conditioned precipitation return-level
estimates across the CONUS. Precipitation-frequency information has long supported engineering and
water-management applications; NOAA Atlas 14, for example, provides design precipitation estimates
used for stormwater, drainage, culvert, transportation, and related hydrologic applications (Bonnin et
al., 2006; Perica et al., 2013, 2018). Such information can also support flood-control infrastructure
design when coupled with hydrologic models (Schlef et al., 2023). The gridded products extend
precipitation-frequency information beyond gauge locations, supporting applications in data-sparse and
ungauged areas (Lu et al., 2025; Schlef et al., 2023). As extreme precipitation frequencies change,
updated precipitation-frequency information is increasingly relevant for evaluating infrastructure
designed using historical conditions (Martel et al., 2021; Sharma et al., 2021; Wright et al., 2019).

A distinguishing feature of PreXFOCUS is the provision of climate-conditioned return-level estimates
that reflect variations in extreme-precipitation frequency associated with large-scale climate conditions.
Climate modes such as ENSO have been shown to modify the frequency of precipitation extremes
across the United States (Cayan et al., 1999; Huang and Stevenson, 2023). Therefore, the climate-
conditioned products show how precipitation magnitudes associated with selected return periods vary
across regions and years under prevailing climate conditions. Such information can complement
conventional precipitation-frequency estimates in applications where temporal variations in extreme-
event probability are relevant, including flood-risk assessment (Francois et al., 2019).

4 Usage notes and limitations

When using PreXFOCUS, users should consider the following practical recommendations and
limitations. The GeoTIFF products use the WGS 1984 geographic coordinate system at a 0.1° resolution
and can be accessed using raster-compatible GIS software, such as ArcGIS, or Python libraries such as
Rasterio and GDAL. Users should select one of the six reference return periods (2, 5, 10, 25, 50, or 100
years) according to their application. The reference products provide one estimate per return period,

whereas the climate-conditioned products provide annual estimates for 1951-2020. The products
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include posterior mean estimates and the 5th and 95th posterior percentiles, representing the lower and
upper bounds of the 90% credible interval. For engineering applications, the estimates should be
considered alongside applicable design standards, regional validation results, and available site-specific
information.

The return-level products were generated using a continental-scale spatial model and should be
interpreted alongside regional validation results. Additional caution is recommended for California and
the southern U.S., particularly Texas and longer return periods, where atmospheric rivers, ENSO
variability, Gulf moisture, tropical cyclones, and mesoscale convection may require regionally adapted
modeling (Gershunov et al., 2019; Huang and Stevenson, 2023; Schumacher and Johnson, 2005; Zhu
and Quiring, 2013). The climate-conditioned products are based on annual mean values of the three
selected climate indices: MEI, NAO, and AMO. Annual averaging may weaken seasonal climate
signals, while correlations among indices may limit interpretation of their individual effects (Lee et al.,
2023; Westra et al., 2015; Whan and Zwiers, 2017). Applications requiring seasonal resolution or
additional climate information may therefore benefit from alternative predictors derived from broader
atmospheric and oceanic fields, although such predictors may have lower physical interpretability
(Renard et al., 2022; Renard and Thyer, 2019).

5 Data availability

The PreXFOCUS dataset is archived on Zenodo and is publicly available at

https://doi.org/10.5281/zen0do.21979711 (Takallou et al., 2026).

6 Conclusions

This study developed PreXFOCUS, a 0.1° gridded precipitation-frequency dataset providing reference
and climate-conditioned estimates across the CONUS. The selected annual-maximum formulation,
which spatially pooled all GEV parameters and represented data-level dependence using a Gaussian
copula, outperformed formulations with no or partial spatial pooling at the latent-process level and those

assuming conditional independence or independence at the data level, based on goodness-of-fit and
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probabilistic-skill metrics, including the CRPSS. It maintained reliable posterior predictive quantiles
and produced lower uncertainty than the no-pooling formulation. However, it was less sharp and more
uncertain than the conditional-independence formulations, suggesting that omitting data-layer
dependence may overstate predictive precision.

The spatial predictive capability of the selected model was evaluated by comparing return levels
obtained through conditional spatial simulation with estimates from direct model fitting at held-out
sites. The two sets of estimates showed good overall consistency, although the conditional simulations
underestimated return levels along the western Gulf Coast and in the Pacific Southwest. Following
validation, the selected model was used to generate return-level maps on a 0.1° grid across CONUS.
The reference return levels were used to define exceedance indicators for the occurrence models. The
selected climate-conditioned formulation included MEI, NAO, and AMO and produced more accurate
exceedance-probability estimates than the intercept-only baseline.

The estimated climate relationships varied regionally. Positive MEI phases were associated with higher
exceedance probabilities across the Pacific Southwest and southern U.S., whereas positive NAO phases
were associated with increases primarily across the eastern and southern U.S. Their combined influence
was strongest across the southern and southeastern regions. The occurrence model also increased return-
level estimates along the Texas Gulf Coast, where M4 tended to underestimate longer-period return
levels, and reduced estimates across parts of the Rocky Mountains, where overestimation was observed.
Finally, PreXFOCUS integrates the reference return-level estimates with climate-conditioned
exceedance probabilities to provide publicly available climate-conditioned return-level maps. These
maps showed that the locations of the largest return-level estimates varied with return period, shifting
toward the western Gulf Coast at longer return periods and toward the eastern Gulf Coast at shorter
return periods. Together, the reference and climate-conditioned products provide precipitation-
frequency information that can support infrastructure planning, flood-risk assessment, and adaptive
water-resource management. They also provide a benchmark for evaluating alternative spatial extreme-
value models, identifying climate-sensitive regions, and coupling precipitation-frequency estimates with

hydrologic and flood-inundation models. Future studies may extend the framework to additional climate
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predictors and independent time periods while more fully propagating uncertainty across the annual-

maximum and occurrence-modeling stages.

Appendix A: Statistical model specifications
Al Gaussian-process formulation

As summarized in Sect. 2.2, spatial variation in the GEV parameters and occurrence-model coefficients
was represented using latent GPs. For any spatially varying quantity 1»(s) modeled using a GP, the
finite-dimensional representation at N locations is

Y = W(s1), ., W(sp))T ~ MVN(my, 2y), (A1)
where m,, is the GP mean vector and Z,; is the spatial covariance matrix. When site-level covariates are
included, the GP mean is specified as

my = Xa,, (A2)
where X is the site-descriptor matrix consisting of an intercept and standardized longitude, latitude, and
elevation, and a, is the corresponding regression-coefficient vector.

Spatial covariance was represented using an exponential kernel:

= 42 _ i
2], = i eXp( sz,z)' (A3)

where Vi,l is the sill parameter, y,,, is the range parameter, and d;; denotes the Euclidean distance

between sites s; and s;, computed from UTM coordinates and scaled in units of 10 km.

A2 Annual-maximum model formulations

The four annual-maximum formulations summarized in Sect. 2.2 differ in the extent of spatial pooling
among the GEV parameters and in whether dependence among annual maxima is represented at the data
layer.

M1 estimates site-specific GEV location, scale, and shape parameters independently without latent

spatial pooling.
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M2 introduces spatial pooling by assigning the GP structure in Egs. (A1)—-(A3) to the GEV location and
log-scale parameters while retaining a spatially homogeneous shape parameter. This formulation is
consistent with regional Bayesian extreme-value approaches that share information spatially across the
location and scale parameters (Boumis et al., 2023; Lu et al., 2025; Najafi and Moradkhani, 2015;
Najafi and Moradkhani, 2013; Yan and Moradkhani, 2015, 2016).

M3 additionally allows the GEV shape parameter to vary spatially, following hierarchical extreme-
value formulations that account for regional variation in tail behavior (Cooley and Sain, 2010; Lima et
al., 2016; Wu et al., 2018, 2019). At site s;, the shape parameter is represented through a transformed

latent spatial process,

§(s;) = softplus (ng(sy)) (Ad)
where
ne(s) =&+ &:(sy), (A5)

¢ denotes the domain-wide latent baseline, and £¢(s;) denotes the spatial deviation at site s;. Across all

sites,

-
85 = (85(51), . Sg(SN)) ~MVN (O,Zs), (A6)
where Z; follows the exponential covariance structure in Eq. (A3). The softplus transformation was

used to constrain the GEV shape parameter to positive values while allowing it to vary spatially
(Koutsoyiannis, 2004; Papalexiou and Koutsoyiannis, 2013).

M2 and M3 assume that annual maxima are conditionally independent across gauges given the latent
spatial processes for the GEV parameters. M4 retains the spatial GEV parameter structure of M3 and
additionally represents dependence among annual maxima at the data layer through the Gaussian-copula
formulation described in Appendix A3.

A3  Gaussian copula spatial dependence
For year t, let
:
Yt S (Y(Sl, t), ...,Y(SN, t)) ' (A7)
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denote the vector of annual maximum precipitation across N gauges. Under M4, the joint distribution is

represented as

Y~ Cy [Rcop; F1(- ; 0(51)): e Fn (s H(SN))]' (A8)
where Cy denotes an N -dimensional Gaussian copula, R, is the copula dependence matrix, and
F;(.;0(s)) is the GEV marginal distribution at gauge s;.

The Gaussian copula is defined as

CRegp (V1) s V) = PRy, [©71(vy), ..., D1 (vy)], (A9)
where

v; = Fi(y:; 0(s)),

®~1(.) is the inverse standard normal CDF, and Pr,,, () is the multivariate normal CDF with
dependence matrix Rqp.

The dependence matrix is specified as a function of inter-gauge distance using an exponential

dependogram:
dij . .
[R“’p]ij - oxp <_ $)'l ek [RCOP]ii =1 (A10)

Here, d;; is the distance between gauges s; and s;, and p.,, is the copula range parameter controlling

the rate at which dependence decays with distance. This structure allows M4 to represent dependence
among annual maxima beyond that induced by the spatially varying GEV parameters (Bracken et al.,
2016; Renard, 2011).

A4 Bernoulli occurrence-model formulation

As summarized in Sect. 2.2, the selected annual-maximum model was used to define site-specific
thresholds corresponding to return periods r € {2,5,10,25,50,100}. Let Zr(si, tj) denote the binary
indicator of whether the annual maximum precipitation at location s; and year t; exceeds the estimated
r-year return-level threshold. The indicator is defined as

1, Y(s;, t;) > ),
z-(stj) = { (sut7) > a-(s0)

0, Y(Si, t]) < qr(si), (All)
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where Y(si, tj) is the annual maximum precipitation and q,-(s;) is the estimated r-year return level at
gauge s;. For each return-period threshold, the resulting binary responses can be represented as

Z, = [z,(sy, tj)]i=1:Ns,j=1:Nt» (A12)
where N and N, denote the numbers of gauges and years, respectively.

For each threshold, exceedance occurrence is modeled as

Z, (si, tj)~ Bernoulli (pr (si, tj)), (A13)
where p,.(s, t) denotes the probability of exceeding the r-year return level threshold at location s; in

year t;. Climate dependence is introduced through the logit link,

logit [p, (51, t;)] = Ao, () + Ty Ay (). SCL (D), (AL4)

where 4, ,-(s) is the spatially varying intercept, representing the baseline log-odds of exceedance for the
r-year threshold, 4, ,-(s) is the spatially varying coefficient associated with the kth climate index, and
SCI,(t) is its annual value in year t;. The spatially varying regression coefficients were represented

using the GP formulation described in Appendix Al.
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