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Abstract: Tornado activity in the contiguous United States (CONUS) causes fatalities and
financial losses every spring, motivating attempts to skillfully predict springtime tornadoes. Such
predictions would facilitate decision-making and resource management for both public and
private stakeholders. Using ERAS reanalysis, we analyze five April-May weather regimes (WRs)
from 1981-2023, some of which strongly modulate tornado activity, and the WR information is
incorporated into a hybrid model to predict April-May CONUS tornado activity, including
tornado outbreaks (days with >10 EF-1+ tornadoes). ECMWF seasonal forecasts initialized on
April-1% are applied to predict WR frequency, including persistent and non-persistent WRs
(lasting >5 and <5 consecutive days, respectively). Prediction skill is evaluated using leave-one-
year-out cross-validation. Predicted and observed tornado outbreak frequencies are significantly
correlated (cc=0.38). Outbreak predictions are more skillful during the positive phase of the
Arctic Oscillation (AO) and Pacific North American pattern (PNA), with a proportion correct of
0.75 and 0.71, respectively. This implies that climate modes of low-frequency variability can be
used to identify forecasts of opportunity. SSTs over the North Pacific and North Atlantic may
help explain the predictability of tornado activity but further work needs to be done to confirm
those results. Our study demonstrates the potential for skillful prediction of spring tornado
outbreaks using WR forecasts and should be prioritized in future work.

1. Introduction

Tornadoes in the contiguous United States (CONUS) result in significant losses of life and
property (Ashley, 2007; NCEI, 2024; Strader et al., 2024). From 1981-2023 there were 2833
tornado-related fatalities in the CONUS, accounting for ~13% of weather-related fatalities
(National Weather Service, 2025). Of these tornado-related fatalities, roughly 76% are associated
with tornado outbreaks (TOs; hereinafter, days with > 10 EF/F-1 tornadoes; Graber et al. 2025),
consistent with Schneider et al. (2004). Recent studies show a statistically significant increasing
trend of +2.5 TOs per decade since 1960, the majority of which occur in the boreal spring (Brooks
et al., 2014; Graber et al., 2024). Given these trends of tornado activity and their societal impacts,
skillful seasonal predictions of springtime tornado activity would improve decision-making and
resource management for both public and private stakeholders.

Subseasonal-to-seasonal (S2S) predictability of tornado activity has been previously investigated.
Deterministic and probabilistic GEFS forecasts demonstrated skill in predicting tornado activity
out to day 9 (Gensini and Tippett, 2019). The Extended-Range Tornado Activity Forecast
(ERTAF) project (Gensini et al., 2020) produced tercile-forecasts 2-3 weeks in advance during
boreal spring and found predictive skill at both lead times. ERTAF emphasized the role of large-
scale circulation patterns in conjunction with favorable severe thunderstorm environments, such
as adequate convective available potential energy (CAPE) and vertical wind shear (VWS). Baggett
et al. (2018) developed an empirical model using Madden Julian Oscillation phases and skillfully
predicted weekly severe weather forecasts out 2-5 weeks in March-June. Similarly, Lepore et al.
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(2017) applied extended logistic regression based on the winter El Niflo Southern Oscillation
(ENSO) phase to predict tornadoes in March-May, and found that the tornado prediction skill is
higher during La Nifia years compared to El Nifio years. This background motivates the work
herein that seeks to further explore skillful seasonal prediction of tornado activity.

Modes of climate variability are important drivers of seasonal tornado activity and can serve as
sources of their predictability. Since tornado activity depends on favorable thermodynamic and
dynamic environments (Thompson et al., 2003), shifts in jet streams or moisture transport
associated with low-frequency climate variability may enhance or suppress springtime severe
weather potential across the CONUS (Cook and Schaefer, 2008). A major mode of interannual
climate variability is ENSO (Chen and Van den Dool, 1997), which is characterized by the
anomalous warming (El Nifio) and cooling (La Nifia) of sea-surface temperatures (SSTs) in the
central and eastern equatorial Pacific (Bjerknes, 1969). ENSO modulates the strength and
position of the Pacific jet stream (Bjerknes, 1969) and can affect the large-scale circulations that
influence the frequency, intensity, and spatial locations of CONUS severe weather. Previous
studies have linked the winter ENSO phase to the variability of tornado activity (Allen et al.,
2015, 2018; Cook and Schaefer, 2008; Knowles and Pielke, 2005; Lee et al., 2016).

The Arctic Oscillation (AO) and North Atlantic Oscillation (NAO) are prominent modes of
climate variability in the extratropics (Cohen et al., 2014). Specifically, the AO refers to the
leading EOF of variability in northern hemisphere sea-level pressures at mid and polar latitudes,
while the NAO refers to the sea-level pressure difference between the Subtropical High and
Subpolar Low over the North Atlantic (Hurrell, 1995; Hurrell and Deser, 2010; Thompson and
Wallace, 2000; Wyburn-Powell and Jahn, 2024). NAO and AO are strongly correlated and
modulate the strength and position of the midlatitude jet stream. Previous studies have linked the
variability of NAO and AO to the variability of tornado activity, primarily over the central and
eastern CONUS (Childs et al., 2018; Elsner et al., 2016; Niloufar et al., 2021; Tippett et al.,
2022), suggesting that NAO and AO provide additional sources of predictability for springtime
tornado activity.

Another important mode is the Pacific North American (PNA) pattern, which is a leading mode of
low-frequency variability over the North Pacific and North America (Phillips et al., 2014).
Although the PNA is influenced by ENSO (Wallace and Gutzler, 1981), it exhibits some
independent variability (Li et al., 2019) and can exist in the absence of interannual SST variability
(Lau, 1981). PNA modulates the position and intensity of the East Asian jet stream which
influences large-scale circulations relevant for severe weather over the CONUS (Leathers et al.,
1991; Li et al., 2019; Ning and Bradley, 2015). The negative phase of PNA has been associated
with enhanced springtime tornado activity (Munoz and Enfield, 2011), and previous work has
linked the variability of tornado activity to SST anomalies that are connected to PNA-like patterns
over the Pacific (Chu et al., 2019). These relationships suggest that PNA, along with ENSO, AO,
and NAO, potentially serve as sources of predictability for springtime tornado activity.

Since climate modes evolve on the seasonal and longer timescales, they may serve as sources of
predictability for seasonal tornado activity. However, they do not fully capture the synoptic-scale
variability of atmospheric circulation. Weather regimes (WRs) can effectively bridge the gap. WRs
represent a finite number of equilibrium, recurring states of the atmospheric circulation (Charney
and DeVore, 1979; Hannachi et al., 2017; Michelangeli et al., 1995). Miller et al. (2020) is among
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the first to apply WRs to tornado prediction. They constructed a hybrid prediction model for
weekly tornado activity in May using WRs and achieved skillful prediction out to week 3. Tippett
et al. (2024) explored the modulation of tornado activity using year-long WRs (Grams et al. 2017,
Lee et al. 2023) and found statistically significant relations between tornado reports and WRs
during all months except June-August, with results mainly driven by years with more Pacific Ridge
WR days. Graber et al. (2025) identified two WRs that strongly affect the warm-season tornado
activity, especially TOs, and developed an empirical model using WR frequency, persistence, and
TD probabilities. The empirical model skillfully captures the interannual variability of both TDs
and TOs using WR information derived from the ERAS reanalysis and motivate its application to
seasonal prediction.

The remainder of this paper is organized as follows. Section 2 describes the data and methodology,
including the hybrid model. Section 3 presents the hybrid predictions and a discussion of the
sources of predictability that help connect the WRs, tornado activity, and climate modes together.
The paper will culminate with a summary and discussion in Section 4.

2. Methodology
2.1 Weather Regimes

Daily 500-hPa heights (500H) from the European Centre for Medium-Range Weather Forecasts
(ECMWEF) reanalysis, version 5 (ERAS) (Hersbach et al., 2020) were used to analyze weather
regimes (WRs) during April-May, the season of peak tornado activity (Graber et al., 2024), from
1981-2023. The seasonal cycle, defined as the long-term mean 500H for each calendar day, was
removed from daily 500H. Unlike Graber et al. (2025), we did not remove the long-term linear
trend in SO0H of ERAS to be consistent with the ECMWF seasonal forecast data. Rather than re-
deriving WRs for this period, we used the WRs derived by Graber et al. (2025) using the K-means
clustering method for 1960-2022 April-July as the reference WR patterns. WRs were assigned by
finding the reference WR pattern with the smallest Euclidean distance from the daily 5S00H
anomalies. We took this approach because K-means clustering yields slightly different WR
patterns in different time periods and employing WRs during a longer time period as the reference
patterns improves the robustness of the results.

Seasonal forecasts of daily S00H anomalies from the ECMWF were used to predict April—-May
WR frequency from 1981-2023 (Copernicus Climate Change Service, 2018; Vitart et al., 2017).
The 25-ensemble forecasts are initialized once per month, are available on a 1° x 1° grid, are on
12-hour temporal resolution, and go out 7 months. The forecasts initialized on April 15 were
selected to mitigate the effect of the spring-predictability barrier (Duan and Wei, 2012). WRs were
assigned for each ensemble forecast by projecting the forecast SO0H anomalies to the reference
WR patterns, and the resultant long-term mean WR frequencies are similar to those derived from
ERAS. Persistent and nonpersistent WRs are defined as WRs lasting for >5 consecutive days and
for <5 consecutive days, respectively.

2.2 Tornado observations
Tornado reports during April-May 1981-2023 were obtained from the NOAA Storm Prediction
Center Severe Weather Database. Reports are georeferenced with time, date, and EF/F rating. To
be consistent with previous work, tornado days (TDs) are defined as days with >1 tornadoes ranked
EF/F-1 or greater, and tornado outbreaks (TOs) are defined as any day with >10 tornadoes ranked
EF/F-1 or greater (Graber et al., 2024, 2025). EF/F-0 reports were excluded due to reporting
uncertainties (Brooks et al., 2014; Trapp, 2013). Known biases remain in this database, which a
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focus on TDs rather than raw tornado reports attempts to alleviate (Brooks et al., 2014; Graber et
al., 2024; Trapp, 2014).

2.3 Hybrid model

Following Graber et al. (2025), an empirical model was used to evaluate the seasonal prediction
of tornado activity:

5 5 (1)
TI(t) = Z F(i,0), x Py + z £, Oy X Pinp
i=1 i=1

where P; denotes the TD probability for each WR, which is defined as the number of TDs with
WR-i divided by the number of total WR-i days. The predictand tornado index for year ¢, T1(z), is
computed by the seasonal count of WR-i days in year ¢, f(i,¢), multiplied by P;. TD probabilities
and counts were calculated for persistent and nonpersistent WRs separately, denoted by subscripts
p and np, respectively. The same procedure was applied to TOs.

To evaluate tornado prediction skill, a leave-one-year-out cross-validation method was employed.
Specifically, 1981 was first held for testing, and P, and P;, were determined using the WR
information derived from the ERAS reanalysis and tornado reports during 1982-2023. The
seasonal WR counts from the ECMWF ensemble forecasts for 1981 were used in Eq. 1 to predict
the tornado index value in 1981. This process was repeated for each year, yielding a predicted time
series of the tornado index. The tornado index time series for all ensemble members were averaged
to form the ensemble mean of tornado index, which was standardized using z-score normalization.

The prediction skill was quantified using the Pearson correlation between the predicted and
observed tornado index time series. Additionally, a three-tier categorical verification was used by
classifying both observed and predicted tornado index values into lower, middle, and upper
terciles. A correct prediction was recorded when the observed and predicted tornado index values
fell within the same tercile for a given year. The proportion correct (PC) is defined as the number
of correct predictions divided by the number of total predictions.

To assess the potential impacts of climate modes on tornado predictability, PC was calculated
separately for positive, negative, and neutral phases of various low-frequency climate modes (see
more information on climate modes in section 2.4). Significance (p < 0.05) between PC of each
phase and random chance (33% for three-tier verification) was determined using a Monte Carlo
test with 10,000 resamples.

2.4 Sources of Predictability

The impacts of some climate modes, ENSO (via Nino3.4), PNA, NAO, and AO, on tornado
activity and WR counts were investigated to provide a physical basis for TD and TO predictability.
We focus on their low-frequency variability on the seasonal and longer time scales and derived
their April-May seasonal indices using the data from the NOAA Climate Prediction Center (2024b,
a). Positive and negative phases of a climate mode are defined as the years when the standardized
springtime (April-May) index exceeded + 0.9. 0.9 was used instead of 1.0 to slightly increase the
sample size.

TD and TO probability anomalies were calculated for each climate mode phase as:
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where the climatological mean TD (TO) probability (P.) is defined as the total number of TDs
(TOs) divided by the total number of days; P, is TD (TO) probability for the given phase of the
climate mode; and P, is the percentage anomaly.

3. Results
3.1 Model Prediction

For completeness, the five WRs (Fig. 1a-e) are briefly described here. WR-A features anomalous
highs over the Pacific Northwest and off the U.S. east coast. WR-B is characterized by a prevailing
anomalous low centered over central North America and an anomalous high over the Southeast.
WR-C exhibits a three-cell wave pattern with anomalous lows over both coasts. WR-D and WR-
E display west-east dipole patterns that nearly mirror each other. The WR spatial structures closely
resemble WRs in Miller et al. (2020), Zhang et al. (2024), and Lee et al. (2023). Specifically, WR-
A and WR-E resemble the Pacific Ridge and Alaskan Ridge regimes in Lee et al. (2023),
respectively, but noticeable differences exist due to differences in data processing procedures and
the time periods analyzed. The impacts of the WRs on CONUS tornado activity during April-May
1981-2023 (Fig. 1f and 1h) are similar to those during April-July 1960-2022 from Graber et al.
(2025; their Fig. 4). WR-A is the least favorable WR for springtime tornado activity, and WR-B
is the most favorable. Tornado activity in WR-C and WR-E are slightly unfavorable, and in WR-
D is slightly favorable. The estimated TDs and TOs based on the empirical model (Eq. 1) and the
ERAS during April-May 1981-2023 are significantly correlated with the observed time series
(Figs. 1g and 11).
ERA5 Weather Regimes
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Figure 1: 5S00H anomaly patterns of WRs A-E with long-term frequency indicated in panel title (a-¢). ERAS tornado
day (f) and tornado outbreak (h) CONUS probability anomalies for persistent (> 5 days; light green, pink) and
nonpersistent (< 5 days; dark green, indigo) WRs. Time series of standardized tornado days (g) and tornado outbreak
days (i) from the observation (blue) and estimation of the empirical modeling (red). Spearman rank correlation and
p-value are indicated in panels g and i.
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Before assessing the hybrid predictions of tornado activity, we first evaluate the prediction skill of
WRs by the ECMWEF springtime forecasts. The ECMWF ensemble mean prediction of springtime
WR counts are significantly correlated with the ERAS springtime WR counts (Fig. 2a-e). This
indicates the seasonal predictability of WRs and provides the basis for tornado prediction using
the hybrid framework (i.e., Eq. 1).

ECMWF Weather Regime Seasonal Frequencies
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Figure 2: Z-score normalized ERAS (blue) and ECMWF ensemble mean (red) springtime frequency of each WR with
Spearman rank correlation and p-value indicated in each panel (a-e).

We assess the hybrid predictions of TDs and TOs using leave-one-year-out cross-validation
method (Fig. 3). The hybrid prediction of TOs has a significant Pearson correlation of 0.38 with
the observed TO time series, while TD prediction shows no skill, with a Pearson correlation close
to zero. The skill contrast between the TO and TD predictions is probably because TOs usually
occur under strong and persistent synoptic-scale patterns (Mercer et al. 2012; Cwik et al. 2022;
Jiang et al. 2025; Graber et al. 2025), while transient and weak patterns, which are not well
captured by the ECMWF springtime forecasts, may have strong impacts on TDs. In addition, it is
worth noting that the percentage anomalies of TOs associated with various WRs are generally
stronger than those of TDs (Fig. 1).
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Figure 3: Standardized TDs (a) and TOs (b) time series from observation (red) and the hybrid prediction
(blue). Thin gray lines represent the individual ensemble prediction (grey) time series. Pearson correlations
(cc) and p-values (p) are shown at the upper left corner of each panel.

The tercile-based TO prediction indicates that the hybrid model correctly predicts 53.5% of years.
Additionally, the PC is strongly modulated by some climate modes (Fig. 4). In particular, the
hybrid model performs significantly better during the positive phases of the AO (75% of correct
prediction), NAO (71.4%), PNA (71.4%), and ENSO (70.0%). PC also improves in the negative
phases of NAO (62.5%), AO (55.6%), and ENSO (55.6%), but the increases in PC are not
significant (p > 0.05). In contrast, the PC in a neutral phase is below 53.5%. Although the PC of
the tercile-based TD prediction is close to random chance (34.9%), the hybrid model performs
better in +PNA years (57.1%, p=0.23) (figure not shown). This suggests that climate modes may
be used to identify forecasts of opportunity for springtime tornado prediction.

Additional cross-validation tests by leaving two-, three-, four-, and six-year out yield similar
results (Fig. S1). TO predictions maintain skillful across all tests, while TD predictions remain
unskillful.
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Figure 4: Proportion of correct TO predictions for negative (blue), neutral (grey), and positive (red) phases
of AO (a) and NAO (b), PNA (c), and ENSO (d). Numbers above the bars represent p-values using a Monte
Carlo test with 10,000 resamples, and bold values represent significant (p < 0.05) differences from random
chance. The dashed, horizontal line represents the overall PC (i.e., 53.5%).

3.2 Low-frequency climate modes as sources of Predictability

To investigate predictability sources for tornado activity, the relationship between tornado activity
and low-frequency climate modes is examined using springtime TD and TO probability anomalies
associated with the AO, NAO, PNA, and ENSO phases (Figs. 5a-h). In addition to CONUS, we
examined different regions, Midwest (MW), Southern Great Plains (SGP), Southeast (SE), and
Southern Great Plains (SGP) (Fig. S2). The region definitions follow Moore (2018), with
exception of the SGP, which herein contains New Mexico because it has storm events similar to
those in the Texas Panhandle.

Significantly enhanced TO probability in the CONUS and Midwest is associated with the -AO
phase. TO probability is also enhanced in the SE, NGP and SGP, but the anomalies are not
statistically significant. In contrast, the probability anomalies of TDs during +AO and -AO phases
are much weaker and all are statistically insignificant, consistent with Tippett et al. (2022) showing
a weaker tornado-AO relationship in April than in February. +AO years are characterized by an
anomalous high over the southeastern CONUS and negative anomalies over the north-central
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CONUS (Fig. S3a), implying enhanced westerly flow aloft and promoting moisture and warm-air
advection from the Gulf of Mexico. These circulation anomalies lead to positive MUCAPE and
TO probability anomalies over the Southeast and SGP (Fig. S3a). In contrast, -AO years feature
negative S00H anomalies over the central CONUS, accompanied by anomalously positive VWS.
Although reduced MUCAPE tends to suppress TD probability, the increased VWS supports
positive TO probability anomalies when it occurs on days where MUCAPE is high (Diffenbaugh
et al., 2013; Sherburn et al., 2016). These positive TO probability anomalies during -AO are only
statistically significant over the Midwest, consistent with the region of anomalously positive VWS
anomalies.

The TD and TO probability anomalies during the NAO phases are generally consistent in sign with
those during AO phases when one phase is statistically significant, but quantitative differences
exist. TD probability is reduced significantly over CONUS, SGP, and NGP, and TO probability is
reduced significantly over NGP during the +NAO phase. +NAO years feature an anomalous S00H
high over the west-central CONUS, which hinders moisture and heat transport from the Gulf of
Mexico. These circulation changes result in anomalously low TD probabilities over the SGP and
NGP (Fig. S3e). Additionally, anomalously low VWS over the SGP further limits tornado potential
during +NAO years. However, +NAO years also feature an anomalous S00H high over the western
Atlantic and anomalous 500H low over the Southeast, which enhances southerly flow and moisture
transport into the Southeast (Zhao et al., 2025), supporting positive MUCAPE anomalies (Fig.
S3e) and corresponding positive TO probability anomalies in that region (Fig. 5d).

The positive PNA phase (+PNA) is unfavorable for tornado activity across the CONUS, MW,
SGP, and SW, particularly for TOs (Fig. 5f). +PNA years feature an anomalous SO0H high over
the western CONUS and an anomalous 500H low over the eastern CONUS (Fig. S3c), implying
reduced moisture transport from the Gulf of Mexico and anomalously low VWS. These circulation
anomalies hinder tornado activity across the MW, SGP, and SW. Springtime PNA has become
more negative over time (Fig. S4), possibly explaining the increasing trend in TOs (Graber et al.,
2024), though further work with other seasons needs to be done to confirm this, which goes beyond
the scope of this study.

TO probability is enhanced in La Nina years in various regions, although the enhancement is
significant only in the SE. Additionally, TD probability over the SGP and TO probability over
NGP are enhanced in El Nino years. The La Nina-tornado-activity link is largely consistent with
previous work (e.g., Cook and Schaefer 2008; Cook et al. 2017; Tippett et al. 2022; Allen et al.
2015; Moore 2019), but it is worth noting that the ENSO state in the spring time is examined here,
while some previous studies focus on the winter ENSO state. Previous studies have found that
ENSO modulates the phase of PNA during boreal winter (Li et al., 2019; Soulard et al., 2019);
however, these spring results are not consistent with those findings. Accordingly, the correlation
between the ENSO and PNA indices are much stronger during the peak stage of ENSO in
December than during the ENSO decay stage in April-May (Fig. S5).

The model appears to perform better (Fig. 4) in years when climate modes unfavorable for TOs,
such as +NAO and +PNA, are present. To further evaluate skill, the Threat Score (Schaefer, 1990)
was calculated for upper-tercile TO years. These years yield a Threat Score of 0.375 with 6 hits, 2
misses, and 8 false alarms, indicating a tendency for the model to overpredict TOs. For lower-
tercile years, the Threat Score is slightly higher at 0.429, with 9 hits, 7 misses, and 5 false alarms.
While lower-tercile years have greater overall skill, they also include more misses. Overall, the
model demonstrates higher skill for lower-tercile years, and modest skill for upper-tercile years.
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Overall, the link between climate modes and tornado activity suggests that low-frequency climate
modes provide a source of predictability for springtime tornado prediction, but the predictability
seems slightly higher during inactive years for tornado activity. Additionally, low-frequency
climate modes modulate TO probabilities more strongly than TD probabilities, consistent with the
stronger TO anomalies associated with WRs (Fig. 1h) and the higher predictive skill of TOs (Fig.
3).

Probability Anomalies by Climate Mode, Region, and Phase
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Figure 5: TD (left column) and TO (right column) probability anomalies by region and climate mode: AO
(a-b), NAO (c-d), PNA (e-f), and ENSO (g-h). Asterisks represent significant anomalies (p < 0.05) based
on a Monte Carlo test with 10,000 resamples of each regions’ data.

The connection between climate modes and WRs is examined next to investigate whether climate
modes modulate tornado activity via WRs. Figure 6 shows the frequency of WRs in different
phases of low-frequency climate modes, which is defined as the number of WR days during a
given phase of the climate mode divided by the total number of days in that phase. The frequency
of WR-A is only ~15% during the -AO phase, while the frequency of WR-B is ~33% (Fig. 6).
The increased occurrence of WR-B and decreased occurrence of WR-A in -AO years compared to
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the long-term mean (Fig. 1) are consistent with the positive TO probability anomalies in the
CONUS and Midwest during the -AO years (Fig. 5).

During +NAO years, WR-A occurs on approximately 35% of days, making it the dominant WR
during this phase. This predominance of WR-A is consistent with the reduced TD probability in
the CONUS, NGP, and SGP, and reduced TO probability in the NGP during NAO+ years (Fig. 6).
Composite 5S00H anomalies for +NAO years resemble WR-A, while composite S00H anomalies
for +AO show a mix of WR-A and WR-B (Fig. S3).

During +PNA years, WR-B occurs on ~15% of days, whereas WR-E occurs on ~25% of days,
making it the most frequent WR during this phase (Fig. 6). The reduced occurrence of WR-B and
increased occurrence of WR-E are consistent with reduced TD and TO activity over CONUS,
MW, and SGP during +PNA (Fig. 5). Composite 500H anomalies during +PNA years resembles
WR-E, with an anomalous high over the western CONUS and an anomalous low over the eastern
CONUS (Fig. S3c¢).

Neither positive nor negative phase of ENSO is associated with significant changes in WR-A or
WR-B frequency. Instead, the frequency of WR-C is reduced significantly in both phases of
ENSO, and WR-E occurs more frequently in the positive phase of ENSO, which is consistent with
the reduced tornado activity during El Nino years reported in previous studies (Cook et al., 2017).
Relative to the neutral phase, WR-E also occurs more frequently during the negative phase of
ENSO, which is statistically significant. However, WR-E’s occurrence during the negative phase
of ENSO is still less than any other WR.

To summarize, WRs associated with increased springtime tornado activity occur more frequently
during the climate mode phases that favor increased tornado activity, while WRs associated with
suppressed tornado activity preferentially occur during climate mode phases that are unfavorable
for tornado activity. These consistent relationships provide additional confidence in the robustness
of the WR-based prediction framework and help to understand the predictability of tornado
activity.
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Figure 6: WR frequencies in different phases of AO (a), NAO (b), PNA (c), and ENSO (d). An asterisks indicates
that the frequency is significantly different (p < 0.05) from that during the corresponding neutral phase via a student
t-test.

3.3 Possible role of SST

In addition to low-frequency climate modes, slowly-evolving SSTs can also be an important source
of predictability, sometimes through their coupling with these modes. The role of SSTs is further
examined in Fig. 7. Extended Range SST (ERSST) (Huang et al., 2017) of 2° x 2° resolution is
used here, and we focus on the month of April because SST signals in April are more pronounced
than in May based on a previous study (Chu et al., 2019) and our own analysis. In addition, the
analysis is done for 1960-2023 to increase the sample size. For each WR, active and inactive
regime years are defined as the years when the springtime WR count exceeds + 1 standard
deviation from the mean, and composite anomalies of SST and 500H are constructed for these
active and inactive years of the WR.

+WR-A years are characterized by an anomalous 500H high over the north-central CONUS, as
part of a well-defined wavetrain pattern extending from the North Pacific to southern Greenland,
in addition to an anomalous low over the Southeast and Gulf of Mexico. Although there are
coherent cold and warm SST anomalies associated with the anomalous low and high over the
North Pacific, respectively, the SST anomalies are not significant. Significant SST anomalies exist
over the North Atlantic associated with anomalous 500H high. In contrast, the -WR-A years
feature an anomalous low over the central CONUS, nearly opposite to the +WR years. However,
the anomalous circulation patterns over the North Pacific and North Atlantic are not a simple
mirror image to those during +WR-A years. The anomalous 500H field is characterized by an
elongated anomalous low over the midlatitude North Pacific and North Atlantic, reminiscent of
the -AO pattern. Significant SST anomalies are found over the North Pacific and North Atlantic,
resembling the Atlantic tripole SST pattern, which helps to maintain the NAO pattern via positive
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air-sea interaction (Czaja and Frankignoul, 2002). Consistent with this circulation, WR-A is
suppressed during -NAO and -AO years (Fig. 6).

WR-B is most favorable for tornado activity over the CONUS. Though positive SST anomalies
exist over the central Pacific in +WR-B years, consistent with that shown in Chu et al. (2019) for
April tornadoes, the anomalies are not significant. The 500H pattern over the North Atlantic is
reminiscent of a -AQO pattern, consistent with increased WR-B occurrence during -AO (Fig. 6).
Significant, negative SST anomalies exist over the North Pacific in -WR-B years. The associated
North Pacific negative SSTs and the S00H high over Canada are reminiscent of a +PNA pattern,
consistent with reduced WR-B occurrence during +PNA (Fig. 6). Though statistically
insignificant, the warm SST anomalies in the northern Pacific during + WR-B have been previously
linked to enhanced CONUS tornado activity (Zhao et al., 2025) through a weakening and eastward
shift of the Aleutian Low (Chu et al., 2019), which promotes enhanced southerly flow of moisture
and heat from the Gulf of Mexico.

+WR-C years feature anomalously cold SSTs in the midlatitude North Pacific and North Atlantic
as well as in the Gulf of Mexico. The cold SST anomalies over the Gulf of Mexico may limit
moisture availability (Molina et al., 2016), partially offsetting the otherwise favorable southerly
500H anomalies over the central US. This compensating thermodynamical and dynamical effects
help explain the near-climatological tornado activity during WR-C (Fig. 1f, h). In contrast, -WR-
C years are associated with prevailing warm SST anomalies in the North Pacific. Significant SST
anomalies, however, are confined to the subtropical North Atlantic and portions of the subtropical
eastern Pacific.

+WR-D and +WR-E years feature anomalously warm and cold SSTs in the Gulf of Mexico,
respectively, though these anomalies are not statistically significant. Over the subtropical western
and central North Pacific, respectively, +WR-D years exhibit significant warm SST anomalies,
while + WR-E years show significant cold SST anomalies. Given that WR-D and WR-E are linked
to enhanced and reduced TD probability, respectively (Fig. 1), this suggests that SST anomalies in
the subtropical Pacific may be a source of predictability for tornado activity over the CONUS.
However, the robustness of this relationship requires further examination given the incoherent
pattern of the significant SST signals, and the underlying mechanisms also need to be investigated.
In addition, significant cold SST anomalies exist over the North Atlantic for +WR-E years,
suggesting cold SSTs in this region may be associated with reduced TD probabilities over the
CONUS.

We also examined the composite SST and 500H anomalies for active and inactive TO years (Fig.
S6). Interestingly, significant SST anomalies are found over equatorial eastern Pacific, North
Pacific, and subtropical western North Atlantic during inactive TO years, while significant SST
anomalies are nearly absent during active TO years. The lack of significant SST anomalies in the
active tornado years are consistent with the relatively limited SST signals during the active WR-B
and WR-D years and during the inactive WR-A and WR-E years, and it helps to explain the higher
predictability of inactive tornado years discussed in the previous section.

Overall, Fig. 7 suggests that SST anomalies over the North Pacific and North Atlantic may help
explain the predictability of some WRs and thus the predictability of tornado activity within the
hybrid framework. However, WR-B and WR-D, which favor tornado activity over the CONUS
(Fig. 1), are not associated with many coherent, statistically significant SST anomalies. Further
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404  investigation using longer observational records and focusing on different seasons is needed to
405  better understand the predictability—or lack thereof—of tornado activity.

Composite SST Anomalies by WR Phases

(a) WR-A | Active Years (b) WR-A | Inactive Years

60°E
WR-D | Active Years

T et T T
180°W 120°W 60°W 0° 60°E 120°E 1801BO°W 120°wW

-0.8 -0.6 -0.4 —6.2 010 012
SST Anomaly (K)

406

407  Figure 7: April SST anomalies for active and inactive WR years, and hatching indicates significant SST anomalies
408 (p <£0.05) using a one-sample, two-sided t-test. SOOH anomalies are shown in gray contours.

409
410 4. Summary

411 A hybrid model for the seasonal prediction of CONUS springtime tornado activity is evaluated
412 during 1981-2023. The model employs WR forecasts from the ECMWF ensemble springtime
413  forecasts initialized on April-1%. Using the leave-one-year-out cross-validation, the WR-based
414  model shows no predictive skill for TDs, but the predicted time series of TO days is significantly
415  correlated with the observed time series. Predictive skill for TOs is modulated by low-frequency
416  climate modes and is significantly enhanced during +AO, +NAO, +PNA, and El Nifio years, with
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the proportion correct of 75%, 71.4%, 71.4%, and 70%, respectively. Given the difficulty of
predicting TDs beyond subseasonal timescales (Gensini et al., 2020), springtime prediction efforts
should prioritize TOs due to their higher predictive skill and societal impacts, and low-frequency
climate modes can help to identify forecasts of opportunity.

To investigate the predictability sources of springtime tornado activity, the composite TD and TO
probability anomalies were examined during different phases of climate modes. Significantly
enhanced TO probability anomalies were associated with -AO and La Nifia years, while
significantly reduced TO probability anomalies were associated with +NAO and +PNA years.
Corresponding circulation patterns during these years provide physical support, through CAPE
and vertical shear anomalies. TO probability anomalies are generally stronger than TD anomalies
associated with climate modes, which helps explain the higher predictive skill of TOs. These
results suggest that the model performs better during years that are unfavorable for tornado
activity, possibly due to a lower signal-to-noise ratio, and use of the Threat Score confirms the
model is better in inactive TO years. However, this skill test still demonstrates modest skill in
active TO years.

Additionally, WR occurrence is modulated by some climate modes. WR-A is the dominant WR
during +NAO years and WR-E is the dominant WR during +PNA years, consistent with reduced
tornado activity during +NAO and +PNA years. Furthermore, WR-B is the dominant WR during
-AQ years and is the least frequent WR during +PNA years, consistent with enhanced (reduced)
tornado activity during the -AO (+PNA) phase. WRs associated with increased springtime tornado
activity tend to occur more frequently during the climate mode phases that favor increased tornado
activity, while WRs associated with suppressed tornado activity preferentially occur during
climate mode phases that are unfavorable for tornado activity. This physical consistency supports
the use of WRs as a physically meaningful framework for predicting TOs.

The role of SSTs in the predictability of WRs (with implication for the predictability of tornado
activity) was examined, with the focus on April SST anomalies. -WR-A years feature a -NAO SST
and 500H pattern over the North Atlantic, consistent with WR-A being suppressed during -NAO
patterns. +WR-B years feature positive, though statistically insignificant, SSTs over the central
Pacific consistent with patterns shown in Chu et al. (2019) for April tornadoes. In addition,
significantly negative SST anomalies exist over the northern Pacific during -WR-B years,
consistent with suppressed WR-B and TO during +PNA years. Overall, SST anomalies can help
explain WR predictability, but SST signals for some WRs are statistically insignificant or
incoherent, making it challenging to identify specific SST-based predictors for WRs or tornado
activity. Further investigation based on longer observational records would help better understand
the role of SST in the predictability of WRs and tornado activity.

This study demonstrates that skillful prediction of springtime TOs is indeed possible with current
resources via the connection between tornado activity and WRs. Questions remain on whether
SSTs are a reliable driver of springtime TOs as well as the temporal extent to which TOs can be
predicted.

Code Availability
Important python files for WR identification and modeling are included at the following link:
https://github.com/Matt0604/Springtime-Prediction-Manuscript

15


https://github.com/Matt0604/Springtime-Prediction-Manuscript

460
461

462
463

464
465
466
467

468
469

470
471

472
473
474
475
476
477
478
479
480
481
482
483
484
485

486
487
488
489
490

491
492

493
494

Data Availability

The ERAS data are available through the NCAR research data archive (RDA) (d633000) and the
Copernicus Climate Data Store (CDS):

https://doi.org/10.24381/cds.bd0915c6 (Hersbach et al., 2023a)
https://doi.org/10.24381/cds.adbb2d47(Hersbach et al., 2023b)
The ECMWEF data are available through the Copernicus Climate Data Store (CDS):
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The tornado report data used in this study are available through the NOAA Storm Prediction Center
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