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temporal patterns of United
States daily and multi-day
precipitation extremes
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Understanding the dynamics of extreme precipitation is essential for assessing
flood risk, designing resilient infrastructure, and adapting to climate variability.
This study examines the spatial and temporal characteristics of single-day and
multi-day precipitation extremes across the contiguous United States using
station-based observations from 1979 to 2023. The analysis is based on three
categories: (i) daily (single 1-day) maxima, (i) 3-day and 5-day accumulations,
and (iii) event-based wet-spell accumulation. Using these indicators, we assess
variability, event structure, and seasonality across the nine National Centers for
Environmental Information (NCEI) climate regions. We first compare how pre-
cipitation indicators vary across durations and regions, including the contribu-
tion of the wettest day to multi-day events and the temporal co-occurrence of
maximum 1-day and multi-day peaks. We then examine seasonal timing and
trend patterns. Finally, we explore how duration-dependent extremes align with
documented regional storm regimes. The results reveal distinct spatial and tem-
poral contrasts between indicators, as well as among climate regions, character-
izing how each indicator captures different, though partly overlapping, aspects
of United States (U.S.) precipitation extremes. These spatial and seasonal dif-
ferences are broadly consistent with regional storm regimes and precipitation
characteristics documented in prior studies. By jointly analyzing 1-day and multi-
day extremes using a unified set of indicators, this study provides a regionally
nuanced perspective on the multidimensional nature of extreme precipitation
and highlights the importance of precipitation persistence alongside peak inten-
sity for flood-risk characterization and adaptation planning.

KEYWORDS
extreme precipitation, flood risk, GHCN-D observations, multi-day precipitation, NCEI
climate regions, seasonality, spatial variability, wet spells

1 Introduction

Extreme precipitation events significantly heighten hydrological risks by increasing flood-
ing, overwhelming water infrastructure, and creating complex water management issues
(Coelho et al., 2022; Nguyen et al., 2025; U.S. Environmental Protection Agency, 2025). These
episodes also intensify landslides and cascading infrastructure failures (Dharmarathne et al.,
2024) and disrupt ecosystems and human livelihoods (Dharmarathne et al., 2024; Dhawale et
al.,, 2024; El Kenawy, 2024). Extreme rainfall can occur as short-lived, single-day events or as
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prolonged multi-day accumulations, each with distinct types of hydro-
logic hazards that manifest in different ways. While single-day
extremes often dominate rainfall records and design standards
(Nguyen et al., 2025), multi-day precipitation events such as 3-day,
5-day, or even extended wet accumulations can be equally or more
damaging due to their cumulative effects. Prolonged multi-day rainfall
can lead to compound floods, dam and levee failures, and landslides,
overwhelming both natural and engineered water-management sys-
tems (Moore et al., 2021; Wan et al., 2021; Ye et al., 2021; Yu et al,,
2023; Fereshtehpour et al., 2025; National Oceanic and Atmospheric
Administration, National Weather Service, 2025; Wang, 2025).
Although intense, short-duration storms may trigger flash flooding,
multi-day events often produce cascading effects by saturating soils,
increasing overall runoff, and amplifying the likelihood of widespread
flooding and landslides (Zhang and Villarini, 2020; Du et al., 2022; Jin
etal,, 2024; U.S. Environmental Protection Agency, 2025).

Many major U.S. flooding events are directly linked to prolonged
periods of rainfall. For instance, during the historic Midwest floods
0f 2017 and 2019, persistent rainfall over several weeks caused severe
infrastructure damage and agricultural losses (Heimann et al., 2018;
National Oceanic and Atmospheric Administration, 2019; Kraft et al.,
2023; Nguyen et al.,, 2025). Similarly, in May-June 2019, prolonged
heavy rainfall across the South-Central U.S. produced record flood-
ing along the Arkansas River and its tributaries, as sustained moisture
transport and recurrent storm systems generated consecutive high-
yield rainfall events, which overwhelmed catchments and flood-con-
trol structures (Lewis and Trevisan, 2019; Williams and Lewis, 2020;
NOAA Weather Forecast Office, 2025). Multi-day rainfall also played
a central role in the devastating 2013 Colorado floods, where persis-
tent upslope flow of moist air produced hybrid stratiform-convective
storms (Association of State Dam Safety Officials, 2013; Uccellini,
2014; Gochis et al., 2015; Tye and Cooley, 2015; Friedrich et al., 2016;
Dougherty and Rasmussen, 2019). Comparable dynamics occurred
in the Pagosa Springs flood in Colorado during the October 10-14,
2025, when a moisture-laden storm system produced several con-
secutive days of rainfall, leading to cumulative runoff, raised river
levels, and overtopping of the San Juan River and its tributaries with
resulting infrastructure damage (Western Water Assessment, 2025).
These events underscore that it is not only isolated single-day
maxima, but also the accumulation of rainfall over multiple days,
which causes the most damaging flood outcomes.

The risk of such multi-day extremes is often amplified by interacting
hazards, including preconditioning (e.g., saturated soils prior to a storm),
multivariate interactions (e.g., precipitation and coastal flooding), tem-
poral clustering of storms, and spatially congruent extremes (Zscheischler
et al,, 2018; Bevacqua et al., 2021; Ganguli et al., 2022; Hao, 2022;
Zscheischler et al., 2022; Fereshtehpour et al., 2025). Previous studies
have reported increases in the frequency and intensity of multi-day pre-
cipitation extremes in parts of the U.S., including the Midwest and
Northeast (Changnon et al., 2001; Roque-Malo and Kumar, 2017; Du et
al,, 2022; Nguyen et al,, 2025). Relying solely on single-day rainfall
thresholds to inform flood risk assessment, while overlooking prolonged
wet periods and antecedent soil moisture, is increasingly viewed as out-
dated (Ye et al,, 2021; Yu et al., 2023; Hwang and Lall, 2024). Growing
evidence shows that antecedent wetness and event persistence, rather
than isolated daily extremes, are stronger predictors of flood severity
(Luong et al., 2021; Ye et al., 2021; Jiang et al., 2022).

Beyond flood generation, incorporating precipitation across
multiple durations is essential for improving hydrologic and
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hydraulic modeling frameworks. Reliance on single-day events
overlooks the cumulative watershed response to prolonged wet
periods and underestimates flood potential. Analyzing precipitation
across multiple durations can enable the identification of regions
with similar hydrologic responses under persistent rainfall and may
facilitate transferring the insights across watersheds with compa-
rable flood-generation mechanisms. Such cross-regional synthesis
could form the basis of a systematic national framework for evalu-
ating flood hazards, while clarifying the meteorological and hydro-
logic processes that create these patterns (Stein et al., 2020; Brunner
etal., 2021; Ma et al., 2021; Moges et al., 2022; Tramblay et al., 2022;
Yeh and Chen, 2022; Shen and Chui, 2023; Tarasova et al., 2023).

The challenges articulated by Clark et al. (2016) are central to
advancing hydrologic modeling beyond individual catchments toward
a more generalizable, transferable approach. They emphasize develop-
ing a coherent, theory-based understanding of macroscale hydrology
by identifying consistent watershed behaviors, formulating general pro-
cess laws, and unifying explanations within a common process-based
perspective. Within this broader context, incorporating cumulative and
multi-duration precipitation statistics provides diagnostic insight into
rainfall persistence and accumulation patterns. Such characteristics are
relevant for distinguishing precipitation regimes that may contribute
differently to flood-generation processes (e.g., short-duration intensity-
driven events versus persistence-driven saturation events).

Unlike traditional approaches that often emphasize peak daily
intensity (appropriate for flash-flood analysis but less suited to delayed
hydrologic responses) multi-day precipitation indicators (e.g., 3-day,
5-day) and event-based wet-spell accumulation provide diagnostic
insight into duration-dependent precipitation structure, and flood-
generation processes across regions. Embedding such statistics within
operational frameworks—including floodplain mapping, reservoir and
dam management, stormwater design, and long-duration flood fore-
casting—can help translate process-based hydrologic understanding
into actionable planning tools, enabling insights from one region to
inform adaptive strategies elsewhere in the U.S. (Stein et al., 2020;
Tramblay et al., 2022; Banerjee et al., 2023; Brandi et al., 2023; Eilander
et al., 2023; Tarasova et al., 2023). Yet, despite growing evidence of
increasing extreme precipitation intensity and frequency in the
U.S. (Banerjee et al., 2023; Brandi et al., 2023; Dettinger and Horton,
2023), relatively few studies have systematically examined these
dynamics across multiple durations and regions. Most existing studies
isolate single-day precipitation extremes, leaving a critical gap in char-
acterizing and comparing the spatial and temporal variability of single-
day and multi-day extremes across regions.

To better understand the spatial and temporal patterns of extreme
precipitation, we analyzed station-based daily gauge observations to
derive maximum 1-day, 3-day, and 5-day extremes, as well as accumu-
lation during the longest wet spell, across the nine NCEI climate
regions of the contiguous U.S. Considering both annual and seasonal
perspectives, we evaluate:

« The variability of precipitation extremes across durations and
regions,

« The percentage contribution of the wettest day to the correspond-
ing multi-day total,

« The temporal co-occurrence of single-day maxima and multi-day
events, and

« Seasonal timing and exploratory analysis of trend patterns across
durations and regions.
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While previous studies have examined extreme precipitation
at individual durations, specific regions, or through formal scal-
ing and frequency-analysis methods, this study evaluates magni-
tude, intra-event concentration (wettest-day contribution),
co-occurrence behavior, seasonal timing, and persistence-based
wet-spell accumulation within a consistent, gauge-based national
comparison. By analyzing fixed-window extremes (1-, 3-, and
5-day) alongside accumulation during the longest wet spell, this
study provides a regional comparison of the structural behavior
of U.S. precipitation extremes and identifies contrasts between
intensity-dominated and persistence-dominated precipitation
patterns that are not apparent when durations are considered in
isolation.

2 Data and methods
2.1 Data

We used daily precipitation data from the Global Historical
Climatology Network-Daily (GHCN-D) to define precipitation
indicators across the nine NCEI climatological regions. The
GHCN-D database, developed by NCEI, is the most comprehen-
sive collection of daily precipitation records for the U.S. (Menne
et al., 2012). GHCN-D observations have a sensitivity of 0.1 mm
and undergo rigorous quality control procedures to ensure data
integrity (Durre et al., 2010). For the analysis, we selected sta-
tions with at least 90% data completeness over the period 1979-
2023 (Figure 1).

10.3389/frwa.2026.1753501

2.2 Defining precipitation indicators

To characterize precipitation patterns and variability, we devel-
oped a suite of indicators capturing key aspects of precipitation behav-
ior, including magnitude, percentage contribution, co-occurrence, and
timing, as summarized in Table 1.

The magnitude indicators including maximum 1-day precipi-
tation (MAX1D), maximum 3-day precipitation total (MAX3D),
maximum 5-day precipitation total (MAX5D), and maximum pre-
cipitation accumulated during the longest continuous (MAXWD)
were calculated annually and for each of the four traditional sea-
sons: Winter (December, January, February: DJF), Spring (March,
April, May: MAM), Summer (June, July, August: JJA), and Fall
(September, October, November: SON) over the 1979-2023
period. These values are expressed in millimeters (mm) of precipi-
tation. MAX1D, MAX3D, and MAX5D represent indicators com-
puted over fixed-length accumulation windows, whereas MAXWD
represents the maximum accumulation over an event-based wet
spell with variable (random) duration. MAXWD is therefore not
treated as additional fixed time scales, but rather as stochastic
event-based accumulation indicators that characterize precipita-
tion persistence and clustering. Comparisons between fixed-win-
dow extremes and wet-spell accumulation are intended as
diagnostic contrasts in event structure, not as formal scaling rela-
tionships or probabilistic equivalence across duration constructs.

Thus, wet spells are not treated as an additional fixed time scale,
but rather as stochastic indicators of precipitation persistence and
clustering that complement fixed-window extremes.

The MAXWD represents the total precipitation accumulated during
the longest continuous wet spell in a given year or season. If multiple wet
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TABLE 1 Precipitation indicators used in this study, categorized by magnitude, wettest-day contribution, co-occurrence, and timing.

10.3389/frwa.2026.1753501

Category Indicator Abbreviation Unit
Magnitude (annual and seasonal) | Maximum 1-day precipitation MAXI1D Millimeter (mm)
Maximum 3-day precipitation MAX3D
Maximum 5-day precipitation MAX5D
Maximum accumulated precipitation during the longest wet spell MAXWD
Percentage contribution (annual) | Contribution of the wettest day to MAX3D CWM3D Percent
Contribution of the wettest day to MAX5D CWM5D
Contribution of the wettest day to MAXWD CWMWD
Co-occurrence Co-occurrence of the absolute maximum 1-day rainfall with the wettest day in MAX3D CMIM3D land 0
Co-occurrence of the absolute maximum 1-day rainfall with the wettest day in MAX5D CMIM5D
Co-occurrence of the absolute maximum 1-day rainfall with the wettest day in MAXWD | CMIMWD
Timing Date of the annual MAX1D DMAXI1D Month/Day/Year
Date of the wettest day in MAX3D DMAX3D
Date of the wettest day in MAX5D DMAX5D
Date of the wettest day in MAXWD DMAXWD

Fixed-window extremes (MAX1D, MAX3D, MAX5D) are computed over 1-, 3-, and 5-day accumulation windows, respectively. MAXWD denotes maximum precipitation accumulated during

the longest wet spell within a year or season.

spells share the same maximum duration within a year or season, the
spell with the largest total precipitation is selected. We defined a wet day
as any day with precipitation greater than 0 mm (precipitation > 0)
rather than using a strict threshold of 1 mm. We made this decision to
ensure that extreme multi-day precipitation events are fully captured,
even if one or more days within the event receive slightly less than 1 mm
of rainfall. Using precipitation > 1 mm could artificially break up
extreme wet periods, potentially excluding significant events due to
small daily precipitation amounts. Given that extreme precipitation
analysis often relies on identifying the longest and most intense wet peri-
ods, this approach provides a more robust representation of continuous
heavy rainfall events, ensuring that their full impact is considered.

To quantify the contribution of a single intense day to each multi-
day extreme, we calculated the percentage contribution of the wettest
day to the corresponding multi-day total. Specifically, CWM3D,
CWMS5D, and CWMWD represent the ratio (in %) of the wettest
single day’s precipitation within each maximum 3-day, 5-day, and wet-
period event to the total precipitation of that event.

o CWMS3D: (precipitation of wettest day within MAX3D/MAX3D
total) x 100

o CWMB5D: (precipitation of wettest day within MAX5D/MAX5D
total) x 100

« CWMWD: (precipitation of wettest day within MAXWD/
MAXWD total) x 100

These contribution indicators quantify how much of a multi-day
extreme is driven by a single wettest day. A higher percentage indicates
that the event is strongly dominated by 1 day of intense rainfall,
whereas lower percentages indicate that precipitation was more evenly
distributed across the event duration.

We also examined the temporal co-occurrence between 1-day and
multi-day extremes by identifying how often the annual MAX1D
coincided with the wettest day within MAX3D, MAX5D, and
MAXWD. These co-occurrence indicators (CM1M3D, CM1M5D, and
CMIMWD) indicate whether daily peaks contribute to broader multi-
day extremes or persistence-based extremes.

Frontiers in Water

Finally, we identified the calendar dates corresponding to each
extreme precipitation event: DMAX1D (maximum 1-day precipita-
tion), DMAX3D (the wettest day within the maximum 3-day total),
and DMAX5D (the wettest day within the maximum 5-day total).
These dates were used to examine the seasonal and temporal distribu-
tion of precipitation extremes.

2.3 Statistical analysis of spatial precipitation
variability

To explore how precipitation indicators vary spatially across climate
regions, we analyzed the coefficient of variation (CV) for each magnitude
indicator listed in Table 1. The CV is particularly suited for this purpose
as it normalizes the standard deviation (SD) by the mean, enabling
meaningful comparisons across variables with differing scales (Neal and
Phillips, 2011; Addisu et al., 2015; Pournasiri et al., 2018). While the SD
quantifies the spread around the mean, the CV expresses this spread as
a proportion of the mean, making it ideal for evaluating variability in
magnitude indicators (MAX1D, MAX3D, MAX5D, and MAXWD). For
each station, we first calculated the SD and mean, followed by CV as the
ratio of standard deviation to the mean, multiplied by 100. This provided
a standardized measure of variability across stations and climate regions.

As the pooled CV data for all stations within each climate region
were skewed, we applied a log transformation to the CV values to
improve distributional symmetry, which reduces skewness and limits
the influence of extreme values when comparing variability across the
nine NCEI climate regions (Pournasiri et al., 2018). At the same time,
raw-scale CV values are retained and evaluated to preserve physically
interpretable variability and information related to skewness and tail
behavior (Supplementary Table S2), which are relevant in the context
of extreme precipitation variability (Koutsoyiannis, 2025).

Normality of log-transformed CV values was evaluated using the
Shapiro-Wilk test (Shapiro and Wilk, 1965; Agbonaye and Izinyon,
2021). As most distributions did not meet the assumption of normality
(Supplementary Table S1), we proceeded with the non-parametric
paired Wilcoxon signed-rank test (Wilcoxon, 1945; Uchale and Singh,
2025) to compare the log-transformed CVs of MAX1D, MAX3D,
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MAX5D, and MAXWD within each climate region. These tests assessed
whether differences in variability across event durations were statisti-
cally significant, using a significance level of @ =0.05. As maxima
derived from overlapping accumulation windows are not fully indepen-
dent, and given the relatively large number of stations within each
region, statistical significance is interpreted as evidence of distributional
differences rather than distinct physical regimes. Accordingly, interpre-
tation emphasizes effect sizes and distributional contrasts rather than
p-values alone, as large samples can produce very small p-values even
when practical differences are modest (Serinaldi et al., 2018).

To complement hypothesis testing, we assessed effect size using
the rank-biserial correlation, which quantifies the practical signifi-
cance of observed differences. Effect sizes were computed from log-
transformed CV values to ensure consistency with test inputs, while
their signs were derived from raw CV differences to retain the direc-
tion of variability. A positive effect size indicates that the first indicator
in a pair exhibits greater variability than the second, whereas a nega-
tive value suggests the opposite.

This combined approach highlights both the statistical and hydro-
logical relevance of regional differences in precipitation variability.

As variability was assessed at the station level and subsequently
summarized within each NCEI climate region, regional statistics are
based on pooling station-level indicator values and therefore implicitly
assign equal weight to each station. While using a common analysis
period (1979-2023) and a > 90% data completeness threshold reduces
temporal and missing-data biases, differences in station density and
hydroclimatic heterogeneity across regions may influence the repre-
sentativeness of pooled distributions. Importantly, primary results are
presented as station-level distributions (e.g., boxplots and density
plots) rather than single regional means; thus, the analysis is intended
to characterize within-region variability in station behavior rather
than area-weighted regional climate statistics. Alternative spatial
aggregation strategies, such as area-weighted or gridded approaches,
represent a valuable extension for assessing sensitivity to spatial sam-
pling and are beyond the scope of this study.

2.4 Temporal trends

To detect temporal trends in precipitation magnitude indicators,
we used the Mann-Kendall (MK) trend test, a non-parametric method

10.3389/frwa.2026.1753501

widely used in hydrology and climatology (Mann, 1945; Kendall,
1975; Pournasiri and Pal, 2016). It does not assume a normal distribu-
tion and is robust against outliers, making it suitable for detecting
gradual changes in precipitation magnitude over time. The MK test
provides Kendall's tau (7) as a measure of trend strength and direction,
with statistical significance assessed using a p-value threshold of 0.05.

3 Results
3.1 Variability and event structure

This section presents a detailed evaluation of how extreme pre-
cipitation variability differs across climate regions and event durations,
using a combination of statistical analysis and visual assessments. The
findings provide a regionalized perspective on the spatial and tempo-
ral dynamics of rainfall extremes.

3.1.1 Regional variability across different durations

Table 2 presents the results of paired Wilcoxon signed-rank tests
and effect size comparisons for log-transformed CV values of precipi-
tation magnitude indicators across the nine NCEI climate regions.
Effect sizes reveal regionally varying contrasts in variability across
precipitation indicators across the U.S., with p-values reported for ref-
erence and interpreted along with the effect sizes.

In general, MAX1D exhibits higher variability than MAX3D and
MAXS5D. This is reflected in the predominantly positive effect sizes in
comparisons between MAXID and MAX3D, as well as between
MAX3D and MAX5D. However, the magnitude and direction of these
contrasts vary across regions. For instance, in the South, the difference
between MAX1D and MAX3D is negligible and not significant (effect
size = —0.003), while in the West and Southwest, effect sizes are small
or negative, indicating comparable or greater variability at longer
durations. These results demonstrate that changes in variability with
increasing duration are region dependent, both in magnitude and
direction. The strongest contrasts in variability across accumulation
durations are observed in the Northeast, Southeast, and Upper
Midwest, where effect sizes for MAX1D vs. MAX5D exceed 0.50. In

TABLE 2 Pairwise comparisons of log-transformed CV for MAX1D, MAX3D, MAX5D, and MAXWD across the nine NCEI climate regions using the paired Wilcoxon signed-rank test.

MAX1D vs.

MAX3D

MAX1D vs.
MAX5D

MAX3D vs.
MAX5D

MAX1D vs.
MAXWD

MAX3D vs.
MAXWD

MAXS5D vs.
MAXWD

Northwest 0.44 (3.62E-17) 0.48 (2.36E-20) 0.35 (2.05E-11) —0.77 (2.86E-49) —0.82 (5.68E-55) —0.83 (6.14E-57)
West —0.14 (2.26E-02) —0.25(4.43E-05) —0.33 (6.83E-08) —0.84 (2.68E-43) —0.86 (3.77E-45) —0.87 (2.18E-45)
Southwest 0.07 (1.18E-01) —0.04 (4.61E-01) —0.02 (6.72E-01) —0.81 (3.63E-65) —0.83 (2.98E-67) —0.82 (4.73E-67)

Northern Rockies

0.31 (4.03E-12)

0.41 (4.44E-20)

0.33 (1.38E-13)

—0.82 (9.62E-78)

—0.84 (4.11E-80)

—0.85 (1.45E-81)

and Plains

Upper Midwest 0.39 (8.40E-14) 0.52 (5.02E-23) 0.47 (5.39E-19) —0.82 (1.96E-54) —0.82 (8.66E-55) —0.82 (5.80E-55)
South —0.003 (9.62E-01) 0.12 (2.89E-03) 0.30 (1.92E-14) —0.84 (1.22E-98) —0.85 (1.20E-100) —0.85 (9.63E-103)
Northeast 0.35 (3.96E-09) 0.57 (7.98E-22) 0.63 (9.69E-26) —0.85 (3.98E-46) —0.86 (1.01E-46) —0.86 (3.77E-47)
Ohio Valley 0.21 (4.42E-06) 0.33 (1.96E-12) 0.32 (5.14E-12) —0.85 (3.98E-74) —0.86 (4.84E-76) —0.86 (1.46E-76)
Southeast 0.26 (3.48E-07) 0.52 (1.79E-23) 0.65 (1.31E-35) —0.83 (7.18E-57) —0.84 (1.68E-58) —0.85 (2.46E-60)

Each cell reports the rank-biserial correlation effect size on the first line and the corresponding p-value on the second line in parentheses. Cell color indicates direction only: blue = positive

effect size (first-listed duration has higher CV) and pink = negative effect size (second-listed duration has higher CV). Statistical significance is assessed at o = 0.05 (i.e., p < 0.05).
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FIGURE 2
Station-level percentage distributions of the wettest day to the total 3-day or 5-day, and longest wet spell extremes (CWM3D, CWM5D, CWMWD) by
the nine NCEI climate regions.

contrast, regions such as the South, Southwest, and West show mini-
mal differences (effect sizes close to zero or negative), suggesting more
uniform variability across durations.

While comparisons among MAX1D, MAX3D, and MAX5D typi-
cally yield small to moderate effect sizes (ranging from —0.003 to
0.65), suggesting gradual changes in variability across increasing dura-
tion, a more pronounced contrast is observed when these indicators
are compared with MAXWD. Comparisons involving MAXWD con-
sistently show large and strongly negative effect sizes (often < — 0.80)
across all regions, indicating much greater variability in precipitation
accumulated during the longest wet spell (MAXWD) relative to block-
duration extremes. This elevated variability is consistent with the sto-
chastic and variable-duration nature of wet spells.

Descriptive statistics (Supplementary Table S2) reinforce and
expand the findings, providing a broader view of regional vari-
ability. Across most climate regions, mean CV decreases from
MAXI1D to MAX3D to MAX5D, indicating reduced variability
with longer accumulation durations. However, some regions, par-
ticularly the West, deviate from this pattern, with variability
increasing at longer durations, likely reflecting the unique
regional precipitation dynamics. In contrast, MAXWD consis-
tently exhibits higher mean CV values than all other indicators
(ranging from 52.15 in the Northwest to 67.44 in the West),
heightening the greater interannual variability associated with
persistence-based precipitation accumulation. SD of CV values
further reveals spatial consistency versus heterogeneity within
regions. Regions such as the Northwest, Southwest, and Upper
Midwest have larger SD values, indicating greater spatial vari-
ability in precipitation behavior across stations. Conversely, the
Northeast and Ohio Valley exhibit smaller SD values, suggesting
more spatially uniform variability. Although MAXWD often has
slightly lower SD values than MAXID, it follows a similar
regional pattern. This suggests that variability differs not only in
magnitude across indicators and regions but also in the consis-
tency with which it is expressed across stations.
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3.1.2 Wettest day contribution to multi-day events

We analyzed the contribution of the wettest day to total precipitation
over 3-day, 5-day, and longest wet-spell using the indicators CWM3D,
CWMS5D, and CWMWD, respectively. This analysis reveals how much
single-day rainfall dominates within multi-day precipitation extremes
and how that dominance varies across different climate regions.

Figure 2 presents the percentage contribution of the wettest
day for each of the three durations across the nine NCEI climate
regions. The x-axis represents the climate regions, while the y-
axis indicates the contribution of the wettest day. Each region
includes three boxplots: orange for CWM3D, green for CWM5D,
and blue for CWMWD. Across most regions, the median contri-
bution of the wettest day is highest for CWM3D and declines
with increasing accumulation duration, highlighting that single-
day extremes tend to dominate more strongly over shorter dura-
tions. Regions such as the Upper Midwest, South, and Northeast
exhibit the highest median contributions for both CWM3D
(~70%) and CWMS5D (~60%), accompanied by wider interquar-
tile ranges, evidence of strong but spatially variable single-day
rainfall control. Across all regions, CWMWD values are consis-
tently lower than those for CWM3D and CWMS5D, with medians
ranging from about 27% in the Northwest to roughly 49% in the
South. As expected from the indicators’ definition, the wettest-
day share generally decreases with increasing accumulation
length. However, extreme outliers—where 1 day accounts for
nearly 100% of multi-day precipitation—occur in several regions
(notably the South, Northern Rockies and Plains, and Northwest).

We note that the decreasing ordering in Figure 2
(CWM3D > CWMS5D > CWMWD) is partly an expected conse-
quence of the metric definition: as the accumulation window
increases, precipitation is distributed across more days, and the maxi-
mum single-day share typically declines even if event structure
remains unchanged. Accordingly, the physically informative signal lies
not in the ordering itself, but in the regional contrasts in precipitation
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FIGURE 3
Density plot of the percentage contribution of the wettest day to the total 3-day or 5-day, and longest wet spell extremes (CWM3D, CWM5D, CWMWD)
across the nine NCEI climate regions.

concentration—including differences in medians, interquartile ranges,
distributional shape, and the prevalence of extreme dominance events
approaching 100%. For reference, under a purely even distribution of
rainfall across days, the wettest-day share would equal 1/n of the total
(~33% for 3-day totals and 20% for 5-day totals). Departures above
these reference values indicate stronger single-day dominance,
whereas values closer to them reflect greater multi-day persistence.

Supplementary Table S3 summarizes descriptive statistics of
CWM3D, CWM5D, and CWMWD (%) across all climate regions.
Consistent with Figure 2, the mean and median values decrease with
longer duration, while SDs remain large, reflecting spatial heterogene-
ity in precipitation structure. The Count 100 column quantifies sta-
tions where a single day accounted for all precipitation (100%) within
a 3-day, 5-day, or maximum wet-day event, highlighting rare but
hydrologically pronounced single-day dominance.

At the same time, Figure 2 and Supplementary Table S3 shows that
40-70% of total precipitation in most 3-day or 5-day events comes
from days other than the wettest one, while CWMWD indicates a
broader contribution (50-75%).

Figure 3 complements these findings by illustrating regional differ-
ences in precipitation structure. It shows density distributions of the
percentage contribution of the wettest single day to total precipitation
during the 3-day, 5-day, and maximum wet-day durations (CWM3D,
CWM5D, CWMWD) across the nine NCEI climate regions. In each
density plot, the x-axis represents the wettest day’s percentage contribu-
tion, and the y-axis shows its distribution across stations. These distri-
butions reveal how strongly a single day influences short-duration
precipitation totals, highlighting notable regional contrasts in the domi-
nance of extreme daily events. Across all regions, CWM3D distribu-
tions (orange) are right-skewed with higher percentages clustering
above 50%, reinforcing the strong influence of single-day rainfall on
short accumulation duration. Conversely, the CWM5D and CWMWD
curves (green and blue) shift to the left, indicating that as duration
increases, precipitation becomes more evenly distributed among
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multiple days. This shift is particularly evident in the Northwest, where
both CWM5D and CWMWD densities form narrow, sharp peaks
around 25-45%, signifying highly consistent multi-day rainfall struc-
tures. In contrast, the South, Upper Midwest, and Northeast display
broader, flatter distributions, reflecting greater variability among sta-
tions and more localized dominance events. The West also shows a flat-
ter shape than the Northwest, suggesting intermediate behavior, less
uniform than the Northwest but less variable than the humid eastern
regions.

Secondary peaks—most noticeable in the CWM3D distribu-
tions—appear in several regions (e.g., South, Northern Rockies
and Plains, West, and Southwest) and align with the Count100
results in Supplementary Table S3. These peaks represent rare
events where nearly all precipitation during a multi-day duration
occurred within a single day.

The results show that the wettest day plays a greater role in 3-day
events, with its contribution decreasing as the event duration increases.
Regional variability—particularly the strong dominance in the South
and Upper Midwest versus the consistent, low-variance patterns in the
Northwest—underscores that precipitation structure and variability are
region-specific. The considerable and regionally variable contribution
from non-peak days underscores the need to account for cumulative
precipitation when assessing flood risk and other hydrologic processes.

3.1.3 Co-occurrence of max 1-day and multi-day
extremes

This section examines the co-occurrence between the maximum
1-day precipitation event (MAX1D) and the wettest day within the
3-day, 5-day, and maximum wet day durations, using the indicators
CMI1M3D, CM1M5D, and CM1IMWD (as defined in Sections 2.2).
Figure 4 presents both the total count and scaled frequency of co-
occurrence across nine climate regions, while Supplementary Table S4
provides supporting summary statistics.
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Total count and scaled frequency of MAX1D co-occurrence with the wettest day in MAX3D, MAX5D, and the MAXWD duration, as defined by CM1M3D,
CM1M5D, and CMIMWD across NCEI climate regions. The frequencies are expressed as a percentage of station-years, in which MAX1D is aligned with
the wettest day. For visual comparability, these percentages are scaled to the same range as total counts, with the secondary y-axis converting values

back into percentages.

Across all regions, co-occurrence is highest for the 3-day duration
(orange), where the MAX1D most frequently aligns with the wettest day
(mean frequencies ranging from 57 to 65%). For example, the West
(65%), Northern Rockies and Plains (64%), and Upper Midwest (63%)
exhibit the highest co-occurrence rates, suggesting frequent co-occur-
rence between 1-day extremes and peak 3-day totals. In contrast, regions
such as the Ohio Valley (57%) and the Southeast (59%) show slightly
lower co-occurrence, indicating somewhat weaker alignment between
single-day maxima and peak 3-day totals. For the 5-day duration (green),
co-occurrence frequencies remain high but are consistently lower than
for the 3-day duration, with mean frequencies ranging from 55 to 63%.
This suggests a modest decrease in co-occurrence between 1-day and
multi-day extremes as the accumulation window increases. This trend is
consistent with Supplementary Table S4, where mean co-occurrence
values decrease from 3-day to 5-day durations in every climate region.
Co-occurrence is lowest when comparing MAXID to the maximum
MAXWD (CMIMWD in blue), with mean frequencies ranging from 9
to 25%. This indicates that, in most years, the MAX1D does not coincide
with the overall wettest-day sequence. The West (mean = 25%) and
Southwest (17%) exhibit the highest co-occurrence in this category, while
the Northeast (9%) and Upper Midwest (10%) are the lowest. Wet-spell
accumulations reflect stochastic and variable-duration events; thus, the
consistently low alignment across regions highlights a structural distinc-
tion between single-day maxima and event-based accumulation
extremes.

Taken together, these results indicate that while 55-65% of
MAXI1D events are embedded within MAX3D or MAX5D durations,
a substantial portion of multi-day extremes (35-45%) occurs indepen-
dently of the annual MAXID. The divergence is most pronounced for
MAXWD, where 75-90% of wet-spell accumulations do not coincide
with the MAXI1D event. These findings highlight that MAX1D
extremes alone may not fully represent the structure of multi-day pre-
cipitation processes across regions.
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3.2 Seasonality and temporal patterns
3.2.1 Seasonal timing of extremes

Figure 5 presents the monthly distribution of extreme precipita-
tion event frequencies across the nine NCEI climate regions, disag-
gregated by four event-duration indicators: DMAX1D, DMAX3D,
DMAX5D, and DMAXWD (as defined in Table 1). Each boxplot
shows the spread of station-level frequencies, providing a detailed
view of how event occurrence varies across both time and space.

A distinct seasonal pattern emerges across regions, showing both
similarities and unique regional signatures. The Northwest and West dis-
play distinctly different temporal behavior compared to the rest of the
country, with peak frequencies during the cool season—notably
November to March. Within this pattern, West peaks from December
through March, while the Southwest peaks mainly from November and
January, with smaller increases in May across most indicators. In addi-
tion, DMAXWD shows small jumps between February—March in the
Northwest and West, suggesting the influence of extended wet spells. In
contrast, most other regions exhibit warm-season dominance. The Upper
Midwest and Northern Rockies and Plains show sharp peaks between
May and June/July, whereas the Ohio Valley and South display a longer
active season from May through September or October. Notably, the
Northern Rockies and Plains record the highest peak monthly frequen-
cies among all regions, while the Northwest leads during the cool season.

The seasonal distinction becomes more complex when comparing
While DMAX1D, DMAX3D, and
DMAX5D relatively follow similar temporal patterns in each region,
DMAXWD behaves differently in several regions. For example, in the
Northeast, DMAXWD peaks in May, whereas DMAX3D and
DMAXS5D peak later in August and September. Similarly, in the Upper
Midwest and Northwest, DMAXWD shows sudden frequency

event-duration indicators.
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increases between adjacent months, especially from May to June, com-
pared to the smoother transitions observed in the other indicators.

Taken together, the monthly frequency distribution reveals clear
regional contrasts and differences among the duration-based indica-
tors. Identifying these peak months and distinguishing between
abrupt versus gradual transitions provides insights into the timing
and nature of hydrologic extremes across the U.S.—supporting tar-
geted regional assessments, seasonal forecasting, and adaptation
planning.

The seasonal distribution (Supplementary Figure S1) reinforces
the patterns. In most regions, particularly the Northern Rockies and
Plains, the Upper Midwest, the Ohio Valley, the South, and the
Southeast, the highest frequencies occur during JJA. Conversely, the
Northwest and West are dominated by DJF frequencies across all indi-
cators. Seasonal contrast across indicators is also evident: while
DMAXI1D through DMAXS5D tend to peak in JJA, DMAXWD dis-
plays a more varied seasonal pattern, with higher frequencies during
DJF in the Northwest, West, and parts of the Upper Midwest. These
seasonal summaries validate the region and indicator specific timing
observed in the monthly plot.

In summary, extreme precipitation timing varies markedly across
regions and seasons. Warm-season peaks dominate much of the cen-
tral and eastern U.S., while cool-season events prevail in the West and
Northwest. In several regions, wet-spell events peak at different times
than block-duration extremes, emphasizing that precipitation
extremes are shaped by distinct meteorological regimes across regions
and times of year.

3.2.2 Temporal variability and exploratory trends

To examine potential temporal changes in precipitation extremes,
we evaluated seasonal distributions of Kendall’s 7 values derived from
Mann-Kendall trend tests for MAX1D, MAX3D, MAX5D, and
MAXWD (detailed results and figures are provided in the
Supplementary Figures S2-S9). Across regions and traditional seasons
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(DJE MAM, JJA, and SON), fewer than approximately 20% of stations
exhibit statistically significant monotonic trends. Given this limited
statistical robustness, interpretation emphasizes directional tendencies
in t distributions rather than evidence of regionally coherent change.
Non-significant results indicate no statistical evidence of monotonic
change at those stations.

Across seasons, T distributions exhibit substantial spatial hetero-
geneity, with many regions displaying bimodal or broadly dispersed
patterns. In DJF and MAM, several northern and eastern regions show
distributions skewed toward positive T values, while parts of the west-
ern U.S. display distributions skewed toward negative T values. During
JJA and SON, regional contrasts in T distributions become more pro-
nounced in some areas, though directional tendencies remain hetero-
geneous and largely non-significant at the station level.

Across indicators, multi-day extremes (MAX3D, MAX5D, and
MAXWD) do not exhibit a consistent duration-dependent pattern
in 7 distributions relative to MAX1D. In some regions and seasons,
directional tendencies are similar across indicators, whereas in
others they diverge. No indicator shows spatially uniform or sys-
tematically stronger monotonic trends across regions. The disper-
sion and frequent bimodality of T values suggest considerable local
heterogeneity.

Opverall, these results are interpreted as exploratory diagnostics of
seasonal and regional patterning in trend direction and should not be
construed as formal detection, attribution, or evidence of regionally
consistent climate-driven change.

4 Discussion

This study provides a nationwide assessment of extreme precipita-
tion variability across nine U.S. NCEI climate regions, using multiple
indicators that span single-day and multi-day extremes. By integrating
regional, temporal, and structural perspectives, the results reveal
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pronounced heterogeneities in precipitation variability and event
characteristics. Beyond documenting regional patterns, this study pro-
vides a unified, observation-based diagnostic comparison of variabil-
ity, intra-event concentration, and co-occurrence across multiple
accumulation durations, applied consistently across all nine NCEI
climate regions. In this section, we discuss and interpret the main
results, which encompass regional variability, event structure, and
seasonal and temporal dynamics, and then consider their broader
implications for hydrologic design and climate adaptation.

4.1 Regional variability in extreme
precipitation

Across most climate regions, shorter-duration extremes (MAX1D,
MAX3D) exhibit greater variability than longer-duration accumula-
tions (MAX5D). This pattern is strongest in the Northeast, Southeast,
and Upper Midwest, where effect sizes exceeded 0.5, indicating sub-
stantially higher variability in shorter events. However, variability is
more uniform in the South, Southwest, and West, where effect sizes
approach zero or are negative. Across all regions, MAXWD generally
shows higher variability than block-duration indicators, with the mag-
nitude of this contrast varying regionally. This behavior is physically
consistent with the inherently stochastic, variable-duration nature of
wet-spell events, which contributes to greater variability in persis-
tence-based precipitation accumulation compared with fixed-win-
dow totals.

The regional contrasts are consistent with previously documented
differences in dominant storm types and precipitation-generating pro-
cesses reported in prior studies. Shorter-duration extremes (MAX1D,
MAX3D) are typically generated by convective storms and localized
mesoscale systems, resulting in high variability at daily scales
(Schumacher and Johnson, 2009; Morales et al., 2015; Nielsen and
Schumacher, 2020). In contrast, multi-day extremes such as MAX5D
and MAXWD are commonly associated with persistent, synoptic-
scale circulation features, including extratropical cyclones, atmo-
spheric rivers, and tropical systems, whose dominance varies
regionally (Luong et al.,, 2017; Bentley et al., 2019; Sinclair et al., 2020;
McErlich et al., 2023; Biieler et al., 2024; Haberlie et al., 2024). For
instance, previous studies have shown that frontal systems often drive
extremes in the Midwest and Northeast (Kunkel et al., 2012; Pfahl and
Wernli, 2012), atmospheric rivers frequently underpin long-duration
extremes in the West and Northwest (Ralph et al., 2019; Moore et al.,
2021), and tropical cyclones can contribute substantially to multi-day
extremes in the Gulf and Southeast (Knight and Davis, 2009; Tan et
al,, 2023). In the Southwest, monsoonal convection and tropical mois-
ture have been identified as significant contributors to extreme pre-
cipitation (Favors and Abatzoglou, 2013; Duan et al., 2024). Taken
together, the results indicate that relationships between extreme pre-
cipitation magnitude and accumulation length vary regionally, and
that uniform scaling assumptions may not represent extremes consis-
tently across all regions. Explicit modeling of exogenous drivers using
covariate-based or stochastic frameworks (e.g., Koutsoyiannis, 2025)
represents a complementary avenue for future research.

Approaches that assume uniform rainfall scaling—such as conven-
tional intensity—duration-frequency (IDF) relationships—may not
fully represent regional contrasts in duration-dependent variability,
particularly in areas dominated by short-duration convective storms or
regions where persistent wet spells drive extreme events. To better
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represent local hydrometeorological realities, future flood-risk frame-
works may benefit from integrating region-specific storm climatology
and explicitly considering the differing behaviors of extremes (Villarini
and Smith, 2010; Smith et al., 2011; Ragno et al., 2018; Coelho et al.,
2022; Breverman, 2024; Nguyen et al., 2025). In parallel, mixed-popu-
lation and multi-mechanism statistical approaches offer a promising
pathway to represent extremes generated by different physical pro-
cesses. Such approaches have been applied in hydrological frequency
analysis to address mixed storm populations and have been shown to
improve, in several cases, the characterization of flood behavior (Ragno
et al, 2018; Villarini and Smith, 2010; Smith et al, 2011;
Breverman, 2024).

4.2 Event structure and contributions

Across most climate regions, the wettest day within each event
contributes disproportionately to multi-day totals, accounting for
approximately 70% of the total for CWM3D and 60% for
CWMS5D. However, this dominance declines with increasing duration,
with CWMWD values typically ranging between 25 and 48%. Wettest
day dominance is strongest in the Northeast, South, and Upper
Midwest, which also show wide variability among stations, while the
Northwest and West exhibit more even multi-day distributions.
According to Figure 3, right-skewed CWM23D densities cluster above
50%, whereas CWM5D and CWMWD shift leftward, especially in the
Northwest, indicating persistent multi-day rainfall. Secondary peaks,
where a single 1-day contributes nearly the entire total within a multi-
day event, are most noticeable in shorter-duration events (CWM3D)
and are often associated with landfalling tropical cyclones or slow-
moving mesoscale convective systems (Schumacher and Johnson,
2009; Kunkel et al., 2010; Prat and Nelson, 2016).

Co-occurrence analysis (Figure 4) shows that the annual MAX1D
aligns with the wettest day of MAX3D in roughly 60% of station-years,
but co-occurrence declines for longer durations and is minimal for
MAXWD (only 9-25%). Based on the analyses of wettest single-day con-
tributions and co-occurrence frequencies (Figures 3, 4), many multi-day
extremes arise from the accumulation of multiple days rather than a single
burst, especially for MAXWD, where the wettest day typically contributes
less than 50%. Regions dominated by convective storms (e.g., South,
Southeast, Ohio Valley) tend to exhibit sharp peaks, where a single day
drives both the 1-day and multi-day extremes. By contrast, regions shaped
by frontal systems or atmospheric rivers (e.g., Northwest, West, Northeast)
produce steadier, multi-day rainfall distributions (Ralph et al.,, 2019;
Moore et al., 2021). From a hydrologic standpoint, concentrated single-
day events heighten flash-flood risk, whereas multi-day accumulations
drive soil saturation, landslides, and reservoir inflows (Dougherty and
Rasmussen, 2019). The weak correspondence between MAXID and
MAXWD underscores that daily maxima alone are insufficient to repre-
sent the structure of flood-generating precipitation across regions.
Consistent with Figure 2 and Supplementary Table S3, about 40-70% of
the total 3-day and 5-day rainfall typically originates from non-peak days,
indicating that daily maxima alone do not adequately represent flood-
generating precipitation. Previous studies suggest that shifts in storm
persistence and clustering under a warming climate could further alter
the balance between single-day and distributed rainfall (Du et al., 2022;
Liu et al,, 2025).

The event structure patterns observed above are further modu-
lated by seasonal timing and long-term variability, which characterize
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the seasonal distribution and temporal organization of these extremes
throughout the year.

4.3 Seasonality and temporal dynamics

Seasonal patterns suggest a clear east-west contrast and seasonal
asymmetry across the U.S. In the central and eastern regions, extremes
peak during summer (JJA), reflecting dominance of convective storms
and mesoscale convective systems (Schumacher and Johnson, 2009;
Morales et al., 2015; Nielsen and Schumacher, 2018; Nielsen and
Schumacher, 2020), while in the Northwest and West, cool-season (DJF)
extremes are tied to landfalling atmospheric rivers (Moore et al., 2021;
Ralph et al., 2019). The Northern Rockies and Plains show the highest
seasonal peak frequencies in the warm season, with a rapid onset in June
across all duration indicators, consistent with a transition from snowmelt-
driven processes to convective rainfall (Dougherty and Rasmussen, 2019;
Feng et al., 2019). In comparison, the Northeast and Ohio Valley demon-
strate a more gradual increase beginning in April-May, reflecting the
mixed influence of synoptic-scale systems and emerging convection
(Kunkel et al., 2012; Dougherty and Rasmussen, 2019).

Wet-spell indicators exhibit some distinct seasonal behavior com-
pared to block-duration extremes. In several regions, their peaks occur in
months that do not coincide with the peak of other indicators or show less
consistent timing. For instance, MAXWD peaks earlier in the Northeast
and increases abruptly from May to June in the Northwest and Upper
Midwest, while other extreme indicators follow smoother and more pre-
dictable transitions. These offsets and irregularities suggest that wet-spell
extremes capture variability in rainfall persistence across consecutive wet
days, although individual events may range from strongly clustered multi-
day accumulations to shorter-duration episodes within a wet period,
which may not align as closely with the seasonal timing of peak daily-
intensity indicators. Consequently, wet-spell indicators characterize a dif-
ferent aspect of hydroclimatic variability—one related to event duration
and temporal sequencing rather than instantaneous daily intensity.
Kendall's T
(Supplementary Figures S2-S9) show heterogeneous directional tenden-

Seasonal distributions of values
cies across regions, seasons, and accumulation durations. However, as
fewer than ~20% of stations exhibit statistically significant monotonic
trends, these patterns are interpreted as exploratory distributional tenden-
cies rather than spatially coherent or robust regional changes, and they are
not used to infer intensification or weakening, or attribute drivers.

For hydrology, these results emphasize that both timing and per-
sistence influence flood risk. Alignment of extreme precipitation with
antecedent conditions—such as snowpack, frozen ground, or satu-
rated soils—can amplify runoff generation (Wasko et al.,, 2020;
Berghuijs and Slater, 2023). From a climate perspective, regional and
seasonal differences in the T distributions suggest that thermodynamic
and circulation influences may manifest differently across the U.S.,
although formal detection and attribution are beyond the scope of
this study.

5 Conclusion

This study provides a nationwide diagnostic assessment of
extreme precipitation variability across nine U.S. NCEI climate regions
using complementary indicators that span single-day, fixed multi-day,
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and event-based wet-spell extremes. Results show clear regional and
duration-dependent contrasts in precipitation behavior: short-dura-
tion extremes tend to exhibit greater spatial variability in convectively
dominated regions, whereas multi-day and wet-spell extremes high-
light the importance of precipitation persistence across much of
the U.S.

Across regions, precipitation variability and trend distributions
show distinct spatial and seasonal contrasts. However, because statisti-
cally significant monotonic trends occur at fewer than ~20% of sta-
tions, these patterns are interpreted as exploratory distributional
tendencies rather than evidence of widespread change or attribution.
The bimodal and skewed structure of trend distributions highlights
strong local heterogeneity in recent precipitation behavior.

These findings emphasize that flood-risk assessments must
account not only for event intensity but also for rainfall timing, dura-
tion, and persistence. By integrating single-day and multi-day indica-
tors, this study provides a regionally nuanced understanding of
flood-generating processes and highlights key pathways toward cli-
mate-resilient design and adaptation, including the need for multi-day
duration frameworks, cross-scale process integration, and explicit
coupling between meteorological and hydrologic systems.

5.1 Key findings

« Duration matters: variability does not decrease uniformly from
1-day to 5-day extremes; the magnitude and direction of duration-
dependent variability differ across NCEI regions.

o Wet-spell extremes exhibit higher variability: event-based
MAXWD exhibits greater variability than fixed-window maxima,
reflecting stochastic wet-spell duration and highlighting persis-
tence as a distinct dimension of extremes.

o Multi-day structure is not dominated solely by daily maxima:

40-70% of 3-5 day totals typically arise from non-peak days, and

MAXI1D aligns weakly with MAXWD in most regions.

Seasonal timing is region- and duration-dependent: cool-season

peaks dominate the West, whereas warm-season peaks character-
ize much of the central and eastern U.S., with additional differ-
ences among accumulation durations.

« Trends are heterogeneous and mostly non-significant: fewer than
~20% of stations show statistically significant monotonic trends,
indicating limited evidence for widespread monotonic change in
this sample.

The main advance is a consistent, regionally resolved comparison of
(i) variability across fixed windows and event-based wet spells, and (ii)
intra-event concentration and co-occurrence, using a unified observa-
tional framework across all nine NCEI regions. This identifies where daily
maxima are representative of multi-day extremes and where persistence-
driven accumulation dominates—information directly relevant to multi-
duration design and flood-risk characterization.

This study characterizes extreme precipitation using annual and sea-
sonal maxima across multiple accumulation durations, an approach well
suited to event-based hydrologic risk assessment, flood hazard analysis,
and design-relevant applications. While maxima effectively capture the
structure and timing of the most impactful events, they may be sensitive
to rare outliers at individual stations. Complementary formulations based
on high-percentile thresholds (e.g., 95th or 99th percentile daily or multi-
day precipitation), which are widely used in climate monitoring, trend
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detection, and impact screening, provide an alternative perspective by
characterizing changes across the broader upper tail of the distribution.
While percentile-based metrics may moderate the influence of single out-
lier events, the extent to which they would alter the spatial and structural
contrasts identified here remains an open question and warrants dedi-
cated evaluation. Evaluating how maxima-based and percentile-based
indicators jointly describe the spatial, temporal, and structural character-
istics of multi-duration precipitation extremes represents an important
direction for future research.

To advance a process-based understanding of how precipitation
persistence and storm mechanisms produce flood-generating
extremes, future research should couple these precipitation indicators
with climate-variability modes (e.g., ENSO, NAO, PDO), projected
storm-track changes, and relevant moisture- and temperature-based
indices. In addition, formal event-type classification and covariate-
based modeling frameworks could help clarify the physical drivers of
persistence and clustering.
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Glossary

CMI1M3D - Co-occurrence of MAX1D with the wettest day within
the MAX3D

CMI1MS5D - Co-occurrence of MAXI1D with the wettest day within
the MAX5D

CMIMWD - Co-occurrence of MAX1D with the wettest day within
the MAXWD

CV - Coefficient of variation

CWMS3D - Contribution of the wettest day to MAX3D
CWMS5D - Contribution of the wettest day to MAX5D
CWMWD - Contribution of the wettest day to MAXWD
DJF - December, January, February

DMAXID - Date of the annual maximum precipitation

DMAX3D - Date of the wettest day in the maximum 3-day
precipitation

DMAX5D - Date of the wettest day in the maximum 5-day
precipitation

GHCN-D - Global Historical Climatology Network-Daily
ENSO - El Niflo-Southern Oscillation
IDF - Intensity duration frequency

JJA - June, July, August
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MAM - March, April, May

MAXI1D - Maximum 1-day precipitation
MAX3D - Maximum 3-day precipitation
MAXS5D - Maximum 5-day precipitation

MAXWD - MAXWD Maximum precipitation accumulated during
the longest wet spell

MK - Mann-Kendall

mm - Millimeter

NAO - North Atlantic Oscillation

NCEI - National Centers for Environmental Information
NOAA - National Oceanic and Atmospheric Administration
PDO - Pacific Decadal Oscillation

PRCP - Precipitation

SD - Standard deviations

SON - September, October, November

U.S. - United States

U.S. EPA - U.S. Environmental Protection Agency

% - Percentage
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