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Abstract

Hydroclimatic whiplash, characterized by rapid transitions between wet and dry condi-
tions, poses a growing challenge for water resource management and ecosystem stability.
However, the spatial and statistical characteristics of wet–dry transitions across the contigu-
ous United States are not fully understood. This study analyzed Palmer Drought Severity
Index (PDSI) and Palmer Hydrological Drought Index (PHDI) records from 344 NOAA
climate divisions spanning 1895–2024. Whiplash was defined as a transition between se-
vere drought and severe wetness within 12-month rolling windows. Statistical descriptors
including lag-1 autocorrelation, variance, and skewness were evaluated for whiplash and
non-whiplash windows to assess differences between them. Whiplash hotspots were iden-
tified in Texas, Southern California, northern Colorado, western New Mexico, and parts of
the Midwest, with PDSI detecting higher whiplash frequency than PHDI. This difference
reflects PDSI’s greater short-term sensitivity to near-surface soil moisture compared to
PHDI’s longer-term hydrological persistence. Whiplash windows showed elevated vari-
ance and autocorrelation relative to baseline conditions across both indices. These findings
demonstrate that hydroclimatic whiplash is strongly dependent on index selection and
threshold definition, and that elevated variance and autocorrelation may serve as statistical
indicators of transition periods with important implications for drought monitoring and
climate adaptation planning.
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1. Introduction
Hydroclimatic variability is expected to intensify under continued climate change,

leading to increasingly unstable transitions between wet and dry conditions across many
regions of the world [1]. Of particular concern are rapid shifts between hydroclimatic
extremes, often referred to as “precipitation (or hydrologic) whiplash”, where wet and dry
states occur adjacent to each other [2]. These transitions have been shown to increase in
both frequency and intensity in projected climate scenarios. Estimates suggest increases of
25–60% in frequency and 30–100% in intensity by the end of the 21st century, particularly in
semi-arid regions such as western North America [3]. These rapid changes in extremes pose
significant challenges for water resource management, agriculture, and ecosystem stability
as they reduce the time available for adaptation and recovery [4,5]. Despite growing
recognition of their importance, droughts and floods have traditionally been studied as
independent phenomena rather than as an interconnected component of hydroclimatic
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systems. Differences in threshold classification criteria can alter characterization and the
detection of transitions [6]. Studies have indicated that Mediterranean regions of the world
experienced water whiplash in 35% of the years [2]. In the United States, heightened
occurrence of hydrologic extremes and whiplash events in the post-2015 period have been
shown for all Western U.S. basins [1]. This research highlights the need for consistent
methodologies when analyzing hydroclimatic whiplash, particularly when comparing
results across datasets and regions, and the need to develop methods for predicting abrupt
shifts [7,8].

Long-term hydroclimatic variability has been analyzed using drought indices, most
notably the Palmer Drought Severity Index (PDSI) and the Palmer Hydrological Drought
Index (PHDI) [9,10]. Although derived from a common water balance framework, these
indices capture different aspects of drought behavior. The PDSI is generally characterized
as a meteorological drought index that is more responsive to short-term moisture changes,
whereas the PHDI reflects longer-term hydrological conditions and exhibits greater persis-
tence [11]. These differences are further emphasized by their response times, with PDSI
reacting more rapidly to changing conditions and PHDI representing more gradual, sus-
tained hydrological processes [12]. Long-term analysis indicates that drought variability
across the contiguous United States has increased over the past century, with more fluctua-
tions in moisture conditions that complicate prediction and water resource planning [13].
The choice of drought index can substantially influence the detection and interpretation of
hydroclimatic extremes and transitions.

PDSI and PHDI were selected for this study for several reasons. First, both indices
share a common water balance framework developed by Palmer, allowing direct compari-
son of short-term meteorological drought conditions (PDSI) against longer-term hydrologi-
cal persistence (PHDI) within a consistent methodological structure [11,12]. Second, the
NOAA climate division records provide continuous monthly PDSI and PHDI data span-
ning 1895–2024, offering one of the longest standardized hydroclimatic records available
for the contiguous United States [14]. Third, both indices have been widely applied in
prior studies of long-term drought variability and hydroclimatic trends across the United
States, providing a well-established methodological foundation for this analysis [9,10]. The
paired use of PDSI and PHDI further allows this study to evaluate how index sensitivity
influences whiplash detection, an important methodological consideration highlighted by
recent literature [6].

There is increasing interest in understanding the statistical behavior of hydroclimatic
systems as they approach abrupt transitions. In complex systems theory, rapid shifts
between states are often associated with critical transitions or “tipping points,” which
can act as early warning signals prior to the transition [15]. One such signal is “critical
slowing down,” in which a system’s recovery from perturbations becomes progressively
slower as it approaches a threshold, leading to increased temporal autocorrelation [16]. In
addition to autocorrelation, increases in variance have also been identified as indicators
of declining system stability, while changes in skewness may reflect evolving asymmetry
in system behavior [17]. These statistical indicators have been observed in both climate
and hydrological systems, where rising autocorrelation and variance have been linked to
large-scale hydroclimatic shifts [15].

Recent work has begun to apply this theoretical framework to drought and food sys-
tems, using long-term observational and remotely sensed datasets to identify early-warning
signals of hydroclimatic change [18]. Changes in statistical properties such as autocorrela-
tion, variance, and skewness have been used as indicators of emerging drought conditions
and the associated impacts on food security and ecosystem stability [19,20]. However,
relatively little work has examined whether these statistical indicators are systematically
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associated with hydroclimatic whiplash events, especially across large spatial domains
such as the contiguous United States and over extended observational records.

The study presented here investigates hydroclimatic whiplash across the contiguous
United States using long-term monthly PDSI and PHDI records from NOAA climate divi-
sions. Whiplash events are identified by rapid transitions between wet and dry conditions
using PDSI and PHDI records. In addition, the study evaluates the relationship between
whiplash occurrence and key statistical indicators, including lag-1 autocorrelation, variance,
and skewness, to assess whether these metrics exhibit systematic changes during transition
periods. Comparisons between PDSI and PHDI are used to evaluate how differences in
index sensitivity and persistence influence the detection of whiplash events. Together, these
analyses aim to improve understanding of how hydroclimatic variability, statistical system
behavior, and rapid wet–dry transitions are linked across spatial and temporal scales.

2. Data and Methods
2.1. Data Sources

The contiguous United States encompasses a diverse range of climate regimes, produc-
ing highly variable precipitation and moisture patterns that make the region particularly
susceptible to recurring drought and flood extremes. Droughts have historically caused sub-
stantial economic, agricultural, and ecological impacts across the country, with long-term
analysis indicating that drought variability has increased over the past century [9]. Re-
cent studies have further documented escalating hydrological extremes across U.S. basins,
with significant consequences for water management and vulnerable communities [1,7,21].
This spatial heterogeneity motivates the division-level analysis of the 344 NOAA climate
divisions shown in Figure 1.

 

Figure 1. Map of the 344 NOAA climate divisions across the contiguous United States used as the
spatial unit of analysis in this study. Each division represents a subdivision of a U.S. state defined by
relatively homogeneous climate characteristics.

The 344 NOAA climate divisions span the contiguous United States between approx-
imately 25◦ N–49◦ N latitude and 67◦ W–125◦ W longitude, covering a total land area
of approximately 7.8 million km2. Each climate division represents a subdivision of a
U.S. state defined by relatively homogeneous climate characteristics, with the number of
divisions per state ranging from 1 to 10. Table 1 summarizes the geographic characteristics
of the climate division dataset used in this study.
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Table 1. Geographic and temporal characteristics of the NOAA climate division dataset used in this
study. Climate divisions represent subdivisions of U.S. states defined by relatively homogeneous
climate characteristics, as maintained by the NOAA Physical Sciences Laboratory, Boulder, CO, USA.

Characteristic: Description:

Number of divisions 344

Spatial coverage Contiguous United States

Latitude range ~25◦ N to 49◦ N

Longitude range ~67◦ W to 125◦ W

Record period January 1895–December 2024

Record length 130 years (1560 months per division)

Temporal resolution Monthly

Data source NOAA Physical Sciences Laboratory

Missing value handling Removed and excluded from analysis

Monthly hydroclimatic variability was characterized using the Palmer Drought Sever-
ity Index (PDSI) and the Palmer Hydrological Drought Index (PHDI) obtained from NOAA
climate division records [14]. The dataset comprises 344 climate divisions across the contigu-
ous United States spanning 1895–2024 (130 years) [14]. These indices provide standardized
measures of drought and hydrologic conditions at the climate division scale, with PDSI em-
phasizing near-surface moisture balance and PHDI representing longer-term hydrological
persistence. Previous studies have used PDSI and PHDI to evaluate long-term trends in
drought and hydrologic cycles [9,10].

The spatial unit of analysis was the NOAA climate division, identified by a two-digit
state FIPS code and a two-digit climate division code. Monthly values for each climate
division were used with a rolling-window whiplash analysis (see Section 2.3), with records
spanning 1895–2024. Records with invalid dates and missing values were removed and
converted to NaN.

2.2. Seasonal Assignment and Index Categorization

Each monthly observation was assigned to a climatological season: Winter (December–
February); Spring (March–May); Summer (June–August); or Fall (September–November).
These seasonal labels were retained to describe the timing of detected whiplash transitions.
In addition, monthly PHDI and PDSI values were categorized into drought and wetness
states using Palmer-style thresholds, as summarized in Table 2.

Table 2. Classification of hydroclimatic conditions based on PDSI and PHDI value ranges. Categories
represent increasing severity of wetness and drought, with corresponding terminology differences
between the PDSI and PHDI classification schemes [14,22].

PDSI or PHDI Value Range PDSI Category PHDI Category

>4.00 Extremely Moist Extreme Wetness

3.00 to 4.00 Very Moist Severe Wetness

2.00 to 3.00 Moderately Moist Mild–Moderate Wetness

−2.00 to 2.00 Mid-Range Near-Normal

−3.00 to −2.00 Moderate Drought Mild–Moderate Drought

−4.00 to −3.00 Severe Drought Severe Drought

<−4.00 Extreme Drought Extreme Drought
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2.3. Definition of Hydroclimatic Whiplash

A hydroclimatic whiplash event was defined as an abrupt transition between opposing
hydroclimatic extremes within a limited time span, evaluated within fixed 12-month rolling
windows at the climate division scale (2). Whiplash detection was implemented separately
for the PHDI and PDSI time series. The PHDI (PDSI) rolling-window definition (numeric
thresholds) for severe-or-worse drought and wetness were defined from monthly PHDI
(PDSI) values using indicator functions:

Droughtt = (It ≤ −3.00), Wett = (It ≥ −3.00) (1)

where It is the PHDI (PDSI) value in month t. A whiplash was identified within a given
12-month window if there exist months tj and tk within the same window such that tj < tk

and the following: (
Droughttj

∧ Wettk

)
∨
(

Wettk ∧ Droughttj

)
(2)

In the PHDI (PDSI) pipeline, whiplash detection used the categorical states computed
from the PDSI mapping above. A qualifying transition was defined as an ordered pair
of months (tj < tk) in which one month was classified as “Severe Drought” or “Extreme
Drought” (equivalently, PDSI < −3) and the other month was classified as “Very Moist” or
“Extremely Moist” (equivalently, PDSI > 3), in either direction.

Both the numeric threshold and category-based definitions apply equivalent criteria, a
transition between index values exceeding ±3.00, and produce identical whiplash detection
outcomes. The two formulations are presented together for clarity, with the numeric
form (Equations (1) and (2)) providing mathematical precision and the categorical form
providing interpretive context consistent with Table 2.

2.4. Whiplash Detection Within Rolling Windows

Within each valid 12-month window, the detection algorithm examined ordered month
pairs (j,k) with j < k. In the PHDI pipeline, the search was terminated after the first qualifying
drought-to-wet or wet-to-drought transition was identified within that window, yielding at
most one recorded transition per window while still assigning a binary classification at the
window level. In the PDSI pipeline, qualifying transitions were detected using the category-
based extremes described above. The detection routine can identify multiple qualifying
transitions within the same 12-month window (i.e., multiple distinct start months may
yield qualifying end months). When multiple transitions occurred, each detected transition
was recorded, potentially producing multiple transition records associated with the same
rolling-window label.

For window-level classification, a binary indicator was assigned for each valid
rolling window:

Whiplash =

[
1, i f at least one quali f ying transition is detected
0, i f no quali f ying transition is detected

(3)

2.5. Statistical Characterization

For each valid rolling window, regardless of whiplash classification, three statistical
descriptors (Lag-1 autocorrelation, variance, and skewness) were computed from the
monthly index values within that window [23]. Previous work has shown these as possible
indicators of shifts in systems related to food security [19]. Lag-1 autocorrelation was
calculated to quantify short-term persistence:

ρ1 = corr(It, It−1) (4)
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computed within the window using a one-month lag. Variance was computed to capture
intra-window variability:

σ2 = Var(It) (5)

and skewness was computed to describe distributional asymmetry:

γ = Skew(It) (6)

These metrics were computed directly on the window’s monthly PHDI and PDSI
values and retained for both whiplash and non-whiplash windows. The 12-month rolling
windows advanced by one month at a time (step size = 1 month), resulting in overlapping
windows across the full 1895–2024 record for each climate division. Statistical descriptors
(lag-1 autocorrelation, variance, and skewness) were computed independently for each
window from the 12 monthly values contained within it. Because adjacent windows share
11 of 12 months, successive window statistics are not independent, which introduces
serial dependence in the window-level time series. This overlap was not corrected for
in the paired t-tests, and results should be interpreted accordingly. Future work could
address this through block bootstrapping or by sampling non-overlapping windows for
significance testing.

2.6. Division-Level Comparison of Whiplash and Non-Whiplash Window Statistics

To compare the statistical characteristics of whiplash and non-whiplash windows
across datasets, the whiplash rate was calculated as the mean of the binary whiplash
indicator across all valid windows. Mean autocorrelation, variance, and skewness were then
computed separately for whiplash windows (Whiplash = 1) and non-whiplash windows
(Whiplash = 0), producing division-level summaries for each metric. These summaries
were used to generate smoothed density distributions comparing PDSI and PHDI whiplash
rates, as well as whiplash versus non-whiplash distributions for autocorrelation, variance,
and skewness within each dataset. Density curves were estimated from histogram-based
densities and smoothed using a moving-average kernel. Spatial patterns were visualized
using choropleth maps at the climate division level, in which each division was shaded
according to its aggregate statistical value. No spatial interpolation was applied between
divisions; all mapped values represent direct division-level means. Density distributions
were estimated using histogram-based densities with a moving-average smoothing kernel
of width k = 5, applied to reduce noise in the distribution curves while preserving the
overall shape. Division-level summary statistics were computed independently for each
climate division before being aggregated into the national-level distributions.

Statistical differences were evaluated using paired t-tests at the climate division level.
Specifically, paired tests were used to compare PDSI versus PHDI whiplash rates for
matched climate divisions, and within each dataset, paired tests were used to compare
whiplash-window versus non-whiplash-window mean autocorrelation, variance, and
skewness across divisions.

To verify the robustness of paired t-test results given the skewed distributions,
Wilcoxon signed-rank tests [24] were performed as non-parametric alternatives for all
metric comparisons. Results from both tests are reported.

Generative artificial intelligence was used to assist in identifying appropriate statistical
methods, reviewing the manuscript, and confirming the main findings.
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3. Results
3.1. PHDI vs. PDSI Whiplash

Figure 2 shows the whiplash frequency, non-whiplash, and whiplash rate maps. There
are consistent spatial patterns across both PHDI and PDSI indices, but differences in
magnitude. Both the PDSI and PHDI identify Texas as a hotspot for whiplash events,
with PHDI showing approximately 90–150 events and PDSI showing 280–350 events
during the time period 1895–2024. Other regions -with high numbers of whiplash events
include Southern California, northern Colorado, western New Mexico, and portions of
the Midwest (Illinois and Iowa) [4,25,26]. PDSI has higher frequencies (210–280 events)
compared to PHDI (90–120 events). The differences between PDSI and PHDI might reflect
PDSI’s short-term sensitivity to rapid moisture variability compared to PHDI’s longer-term
hydrologic persistence. The concentration of whiplash activity in Texas likely reflects its
exposure to competing moisture sources, including Gulf of Mexico moisture intrusions
and continental dry air masses, which together produce rapid alternations between wet
and dry conditions [27–29]. Similarly, high whiplash rates in Southern California are
consistent with the region’s Mediterranean climate regime, characterized by pronounced
seasonal precipitation variability and sensitivity to El Niño–Southern Oscillation (ENSO)
teleconnections [1,7,30,31].

 
Figure 2. Spatial distribution of hydroclimatic whiplash characteristics across the contiguous United
States based on PHDI and PDSI. The top row shows PHDI-based maps of (a) whiplash event
frequency, (b) non-whiplash event frequency, and (c) whiplash rate. The bottom row shows the
corresponding PDSI-based maps of (d) whiplash event frequency, (e) non-whiplash event frequency,
and (f) whiplash rate.

The non-whiplash maps in Figure 2 have an opposite relationship with whiplash
patterns. Regions showing low whiplash activity (i.e., higher non-whiplash events for both
PHDI and PDSI). The whiplash rate maps in Figure 2 are like the whiplash frequency maps,
where high values are in the regions of Texas, Southern California, Colorado, New Mexico,
Illinois, and Iowa for PDSI (≈0.12–0.20) and PHDI (≈0.06–0.10). This consistency across
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both metrics indicates similar regional hydroclimatic variability. The systematically higher
whiplash counts produced by PDSI relative to PHDI reflect the fundamental difference in
their temporal integration scales. PDSI responds rapidly to short-term moisture anomalies,
making it more sensitive to within-year fluctuations that can cross both drought and
wetness thresholds within a 12-month window. PHDI’s stronger hydrological memory
dampens these short-term signals, requiring more sustained extremes before threshold
crossings occur [11,12].

3.2. Spatial PHDI vs. PDSI Autocorrelation, Variance and Skewness

To evaluate the potential of using statistical characteristics for predicting hydrologic
whiplash, autocorrelation, variance, and skewness are evaluated for PDSI and PHDI
(Figures 3 and 4). For PDSI, for the autocorrelation under mean conditions, there is moder-
ate persistence (0.4–0.7) with higher values in the central and western U.S. (0.6–0.7) and
slightly lower values in the southeast (0.55–0.6). During whiplash events, autocorrelation
is substantially higher (0.8–0.93) across most of the country, with localized exceptions in
Vermont (0.3–0.55). This contrast indicates that whiplash events are not random and instead
reflect structured transitions between wet and dry periods. The elevated autocorrelation
observed during whiplash windows is consistent with the concept of critical slowing down
in complex systems, whereby a system approaching a state transition exhibits increased
temporal persistence as it becomes less able to recover quickly from perturbations [13,15,16].
The elevated variance during whiplash periods similarly reflects the amplified hydrocli-
matic swings that characterize transitions between persistent wet and dry states [10,32,33].

 
Figure 3. Spatial distribution of statistical characteristics for PDSI-based drought metrics across the
contiguous United States. The top row shows baseline (a) mean autocorrelation, (b) mean variance,
and (c) mean skewness. The bottom row shows whiplash event-based (d) autocorrelation, (e) variance,
and (f) skewness. Color gradients represent the magnitude of each statistical metric, with warmer
colors indicating higher values.
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Figure 4. Spatial distribution of statistical characteristics for PHDI-based drought metrics across the
contiguous United States. The top row shows baseline (a) mean autocorrelation, (b) mean variance,
and (c) mean skewness. The bottom row shows whiplash event-based (d) autocorrelation, (e) variance,
and (f) skewness. Color gradients represent the magnitude of each statistical metric, with warmer
colors indicating higher values.

The spatial differences in statistical characteristics between mean and event conditions
shown in Figures 3 and 4 are statistically significant across climate divisions. Paired t-
tests and Wilcoxon signed-rank tests conducted at the division level confirm significant
differences between whiplash and non-whiplash windows for autocorrelation, variance,
and skewness under both indices (all p < 0.01), as reported in detail in Section 3.3. The spatial
maps reflect systematic and statistically verified differences rather than random variation.

For variance, under mean conditions it is relatively stable (1.5–4.5), while during
whiplash events the variance is higher (4.5–16) across most of the U.S, with only portions of
California and New York being smaller. This suggests that whiplash periods are character-
ized by higher hydroclimatic instability and larger deviations from normal conditions. For
skewness, there is the smallest difference between mean and event states, with both largely
falling within the −0.5–+0.5 range. However, event skewness exhibits greater spread, with
outliers in northern California (1.5–1.6) and parts of the eastern U.S., which suggests that
whiplash events can introduce extreme wet or dry conditions in certain regions.

For PHDI data (Figure 4), the autocorrelation shows higher (0.80–0.95) values during
whiplash events compared to mean conditions (0.55–0.75), reflecting a strong temporal
structure during whiplash periods. This suggests that whiplash events represent a buildup
and rapid transition between persistent wet and dry states rather than random fluctuations.
For variance, mean conditions are stable and spatially uniform (1.5–1.3), while event
variance increased (4.5–15), with most regions falling in the 7–10.5 range. This contrast
highlights that whiplash events are periods of higher hydroclimatic variability involving
more extreme shifts between wet and dry regimes. Finally, the skewness shows the greatest
change in spatial variability between mean and event states. Mean skewness is narrow
(−0.3–0.3), with northern regions slightly negative and southern regions slightly positive.
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Event skewness retains a similar broad pattern with notable pockets of high positive
(0.9–1.5) and negative (−0.9–−0.6) skewness isolated to the Pacific Northwest and South.

Figure 5 presents a summary of both PHDI and PDSI differences between the whiplash
events and overall mean statistical characteristics of autocorrelation, variance, and skew-
ness. Like the findings from Figures 2 and 3, autocorrelation shows the strongest differences,
followed by variance and skewness having the least differences. The large changes in au-
tocorrelation could represent a precursor in the systems that indicates the persistence of
wet and dry states, and the variance differences may indicate an amplified hydroclimatic
variability involving more extreme swings between wet and dry regimes.

 
Figure 5. Spatial distribution of whiplash event-minus-mean statistical differences across the contigu-
ous United States. The top row shows PHDI-based differences in (a) autocorrelation, (b) variance,
and (c) skewness. The bottom row shows PDSI-based differences in (d) autocorrelation, (e) variance,
and (f) skewness. All values represent whiplash event-based metrics minus long-term mean values.

3.3. Distributions of PHDI vs. PDSI Autocorrelation, Variance and Skewness

Figure 6 presents the overall distributions of whiplash rates, autocorrelation, variance,
and skewness for PDSI and PHDI in the United States. These distributions show shifts in
distributions during whiplash events in comparison to the overall mean. For whiplash
rates (Figure 6a), PHDI is tightly concentrated at lower values (0.01–0.05), while PDSI
is broader and shifted higher (peaking near 0.05–0.06, extending to ~0.18), reflecting
PDSI’s greater sensitivity to short-term moisture fluctuations. Both a paired t-test (t = 24.5,
p = 3.36 × 10−77) and a Wilcoxon signed-rank test (W = 338, p = 2.32 × 10−56) confirm this
significant difference in PDSI and PHDI across 344 climate divisions, and both indices show
clear shifts toward higher rates during whiplash periods compared to the overall mean.

For autocorrelation (Figure 6b), both indices show higher values during whiplash
events than baseline, indicating that rapid transitions occur within strongly persistent
hydroclimatic regimes. PHDI whiplash values are tightly concentrated at higher auto-
correlation (0.86–0.92) compared to PDSI (0.78–0.88), consistent with PHDI’s stronger
hydrologic memory. Baseline values are substantially lower for both indices. Paired t-tests
and Wilcoxon signed-rank tests confirm highly significant differences between whiplash
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and baseline conditions (PDSI: t = 60.6, p = 5.9 × 10−185, W = 127, p = 1.72 × 10−57; PHDI:
t = 108, p = 1.9 × 10−266, W = 0, p = 5.65 × 10−58).

 
Figure 6. Distribution of whiplash and baseline statistical metrics for PDSI and PHDI across the
contiguous United States. The panels show kernel density distributions for whiplash rate (a), auto-
correlation (b), variance (c), and skewness (d), comparing PDSI (red) and PHDI (blue) under both
whiplash (solid lines) and baseline (dashed lines) conditions. The horizontal axis represents the
value of each metric, while the vertical axis shows the smoothed density. Paired t-test and Wilcoxon
signed-rank test results are reported.

For variance (Figure 6c), both indices show higher values during whiplash (PDSI:
~5–14; PHDI: ~6–11) compared to narrow baseline distributions (PDSI: ~2–3.5; PHDI:
~1.8–2.2), confirming that whiplash periods involve significantly amplified hydroclimatic
variability. PDSI exhibits a slightly wider spread and longer right tail. Both tests confirm
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extremely significant differences between whiplash and baseline conditions (PDSI: t = 60.2,
p = 3.8 × 10−184, W = 0, p = 5.65 × 10−58; PHDI: t = 93.1, p = 4.63 × 10−245, W = 0,
p = 5.65 × 10−58).

For skewness (Figure 6d), both indices show modest positive and negative skew dur-
ing whiplash periods with broader distributions compared to near-zero baseline values,
indicating that whiplash events introduce greater asymmetry into hydroclimatic distribu-
tions. PDSI shows a slightly wider and more positively skewed whiplash distribution than
PHDI. Statistical differences are significant for both indices under both tests (PDSI: t = 2.83,
p = 0.00497, W = 2.43 × 104, p = 0.00499; PHDI: t = 7.29, p = 2.21 × 10−12, W = 1.53 × 104,
p = 9.47 × 10−15), though the effect is smaller than for autocorrelation and variance. The
agreement between parametric and non-parametric tests across all metrics confirms that
findings are robust to the assumption of normality.

Figure 7 provides the specific statistical measures of autocorrelation, variance, and
skewness over time for select states of Washington, California, Colorado, New York, Florida,
and Texas from 1895 to 2024. Across all states, autocorrelation remains relatively stable
throughout the record (≈0.4–0.8), indicating consistent temporal persistence regardless of
event activity. Skewness fluctuations around zero (≈−0.5 to 0.5) with no consistent trends
suggest only brief localized asymmetry. In contrast, variance consistently shows distinct
spikes that closely align with clusters of whiplash events, making it the primary statistical
indicator of whiplash activity across all regions.

   

   

     

   
Figure 7. Cont.
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Figure 7. Time series of PDSI- and PHDI-based statistical metrics for (a,b) Washington, (c,d) California,
(e,f) Colorado, (g,h) New York, (i,j) Florida, and (k,l) Texas from 1895 to 2024. For each state,
autocorrelation (blue), skewness (green), and variance (red) are shown over time, with autocorrelation
and skewness plotted on the left axis and variance on the right axis. Black vertical lines indicate
years in which whiplash events occurred, and the numbers above each line represent the number of
whiplash events identified for that year.

Regional patterns exist among the states, with Texas showing the most frequent
and intense variance spikes, particularly from the 1970s onward, while California shows
pronounced spikes from the mid-20th century through to recent decades. Colorado and
Washington exhibit more episodic spikes concentrated in the mid-20th century, and New
York and Florida display more moderate and intermittent variance increases, reflecting
relatively stable hydroclimatic systems. There is consistency between PDSI and PHDI
temporal patterns across all six states that further supports the robustness of the finding
that whiplash events are associated with periods of elevated hydroclimatic variability
regardless of index choice [34,35].

4. Discussion
Hydroclimatic whiplash across the contiguous United States shows hotspots in Texas,

Southern California, northern Colorado, western New Mexico, and parts of the Midwest.
This suggests that whiplash is not uniformly distributed and reflects regional hydroclimatic
variability influenced by precipitation regimes and soil moisture dynamics as represented
in the indices used in this study [1]. A noteworthy result is that PDSI produces higher
whiplash frequency and rate than PHDI. This difference is consistent with the behavior
of the PDSI, which responds more rapidly to short-term moisture anomalies. The PHDI
reflects longer-term hydrological persistence [10–12].

The spatial patterns of whiplash hotspots identified in this study are broadly consistent
with findings from recent literature. Li et al. (2025) documented escalating hydrological
extremes across all Western U.S. basins post-2015 [1], consistent with the high whiplash
rates identified here in Southern California, northern Colorado, and western New Mexico.
Similarly, Maharjan et al. (2025) projected future intensification of hydrological extremes
across the contiguous United States [21], suggesting that the hotspot regions identified
in this study may experience further increases in whiplash frequency under continued
warming. The concentration of whiplash activity in Texas aligns with Swain et al. (2025),
who identified the south-central United States as a region of particularly high hydroclimate
volatility [7]. In terms of methodology, Anderson et al. (2025) highlighted that threshold
selection substantially influences drought-to-flood transition detection [6], which is con-
sistent with our finding that PDSI and PHDI produce systematically different whiplash
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counts due to their differing sensitivity and persistence characteristics. Madrigal et al.
(2024) found that Mediterranean regions experienced whiplash in approximately 35% of
years [2], a rate notably higher than the division-level rates identified here (PDSI: 0.05–0.18;
PHDI: 0.01–0.10), which likely reflects both regional climate differences and methodological
differences in whiplash definition and index selection.

Statistically (i.e., using autocorrelation, variance, and skewness), whiplash results
differ from baseline conditions. For both indices, whiplash periods are associated with
higher variance and increased lag-1 autocorrelation. Elevated variance indicates amplified
hydroclimatic fluctuations during the transition period, while increased autocorrelation
suggests stronger temporal persistence within these events. These findings align with
descriptions of complex systems where increases in variance and autocorrelation may
signal reduced system stability or proximity to abrupt transitions [15–17].

State-level time series reinforce these relationships and are seen across representative
states, like Texas and California, as periods of frequency whiplash that consistently align
with higher variance while autocorrelation remains relatively stable. This suggests that
whiplash events are primarily associated with increases in variability rather than system-
atic shifts in persistence. Regions with the most frequent events, particularly Texas and
California, also exhibit the largest variance shifts, indicating more intense hydroclimatic
instability [7].

There are several limitations to this research. The rolling 12-month window captures
transitions occurring within annual timescales but does not evaluate consecutive month-to-
month transitions. In addition, results depend on fixed threshold definitions (±3.00), which
can influence event counts and spatial patterns [4]. Finally, the climate division scale may
smooth localized extremes that limit the ability to resolve finer-scale processes sometimes
shown in gridded data [36,37].

5. Conclusions
This study analyzed hydroclimatic whiplash across the contiguous United States

using monthly PDSI and PHDI records from NOAA climate divisions spanning 1895–2024.
Whiplash was defined as a transition between severe or worse drought and severe or
worse wetness within 12-month rolling windows. The results show that whiplash activity
is spatially uneven, with hotspots concentrated in Texas, Southern California, northern
Colorado, western New Mexico, and parts of Illinois and Iowa.

PDSI produced higher whiplash counts and rates than PHDI, which demonstrated
that the choice of drought index affects whiplash detection. This difference likely reflects
the greater short-term sensitivity of PDSI compared with the stronger hydrologic per-
sistence represented by PHDI. Whiplash windows were also statistically different from
non-whiplash or baseline windows for both indices. Whiplash periods generally showed
higher autocorrelation and variance, with variance displaying strong increases during
event periods. These findings suggest that whiplash events are associated with periods of
amplified hydroclimatic variability and, in some cases, stronger temporal persistence.

The hydroclimatic whiplash hotspots identified in this study, particularly in Texas,
Southern California, and the broader western United States, align with regions projected to
experience the greatest increases in precipitation whiplash frequency and intensity under
continued climate change. Chen et al. (2022) projected increases of 25–60% in whiplash
frequency and 30–100% in intensity by the end of the 21st century in semi-arid regions such
as western North America [3], suggesting that the patterns documented here may represent
an early signal of an accelerating trend. Maharjan et al. (2025) further projected that future
intensification of hydrological extremes will increase community vulnerability across the
contiguous United States [21], underscoring the urgency of developing robust monitoring
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and early warning systems for wet–dry transitions. The statistical indicators identified in
this study, particularly elevated variance and autocorrelation during the observed whiplash
windows, may therefore serve as useful tools for tracking the emergence of climate change-
driven hydroclimatic instability over time.

These findings highlight the need for consistent whiplash definitions and multi-index
comparisons when assessing drought–flood transition risk. Improved understanding
of these transitions is important for water resource planning, agricultural management,
and climate adaptation, particularly in regions where rapid shifts between wet and dry
conditions are increasing [21,38,39].
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