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Abstract. The contiguous United States (CONUS) experiences considerable interannual 7 
variability in tornado activity. on seasonal time scales. The high impacts of tornadoes in the 8 
CONUS motivate the need to better understand the link between seasonal tornado activity and 9 
large-scale atmospheric circulation, which may contribute to better seasonal prediction. We 10 
employed K-means clustering analysis of low-pass/EOF filtered 500 hPa geopotential height 11 
(500H) daily anomalies from the ERA-5 reanalysis and identified five warm-season weather 12 
regimes (WRs). Certain WRs are shown to strongly affect tornado activity, especially outbreaks, 13 
due to their relationship with environmental parameters including convective available potential 14 
energy (CAPE) and vertical wind shear (VWS). In particular, WR-B, which is characterized by a 15 
three-cell wave-like pattern with an anomalous low over the central-CONUS, is associated with 16 
enhanced CAPE and VWS in tornado-prone regions and represents a tornado-favorable 17 
environment. Persistent WRs, those lasting for ≥5 consecutive days, are associated with 7675% 18 
of all tornado outbreaks (days with >10 EF-1+ tornadoes) since 1960; persistent WR-B, in 19 
particular, accounts for about 3031% of all tornado outbreaks. The impacts of WR persistence on 20 
tornado activity anomalies, however, are found to be asymmetric: compared to non-persistent 21 
WRs, persistent WRs amplify positive tornado activity anomalies but may not further enhance 22 
negative tornado activity anomalies. An empirical model using WR frequency and persistence 23 
captures the year-to-year variability of warm-season tornado days and outbreaks reasonably well, 24 
including some years with high-impact outbreaks. Our study highlights the potential application 25 
of WRs for better seasonal prediction of tornado activity.   26 

1 Introduction 27 

The contiguous United States (CONUS) experiences more tornadoes than anywhere else in the 28 
world, leading to significant economic and life losses (NCEI, 2024). Tornado outbreaks (TOs) 29 
are a primary contributor to these impacts, and the annual TO frequency has increased by 2.5 30 
events over the past 63 years (Brooks et al. 2014; Graber et al. 2024), particularly over the 31 
Southeast U.S. (Gensini and Brooks, 2018; Graber et al., 2024; Moore, 2018; Moore and 32 
DeBoer, 2019). In contrast, tornado days (TDs) have decreased in frequency at a rate of ~10 per 33 
decade since 1960 (Brooks et al. 2014; Graber et al. 2024), especially from March to September, 34 
and over the southern Great Plains (Gensini and Brooks, 2018; Graber et al., 2024; Moore, 2018; 35 
Moore and DeBoer, 2019). Embedded within these trends is large interannual variability, as 36 
evidenced  by the percent change, with respect to the previous year, in annual CONUS tornado 37 
reports over the recent five years (2019-2023): +34.7%, -28.7%, +21.4%, -13.0%, and +24.5%, 38 
as well as by the corresponding percent change in tornado fatalities: +320.0%, +80.9%, +36.8%, 39 
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-77.9%, and +260.9% (Storm Prediction Center, 2024). Such variability affects the situational 40 
awareness and vulnerability of the populations, especially those that are disadvantaged. It also 41 
complicates decision making and resource management by key stakeholders across multiple 42 
sectors. In addition, exposure to future tornadoes is increasing with growing urban areas (Ashley 43 
and Strader, 2016; Strader et al., 2017, 2024). These and other impacts motivate the efforts to 44 
better understand the variability of tornado activity over the seasonal and longer time scale, 45 
which would ultimately contribute to improved prediction of tornado activity. 46 

Some variability of tornado activity can be attributed to low-frequency climate modes (Miller et 47 
al., 2022; Niloufar et al., 2021; Thompson and Roundy, 1998; Vigaud et al., 2018).(Miller et al., 48 
2022; Niloufar et al., 2021; Thompson and Roundy, 1998; Vigaud et al., 2018b). For example, 49 
Cook and Schaefer, (2008)Cook and Schaefer, (2008) examined winter tornado outbreaks in 50 
relation to the phase of the El Niño – Southern Oscillation (ENSO) and found that a La Niña 51 
phase favored tornadoes in the Southeast and a neutral phase favored tornadoes in the Great 52 
Plains. Allen et al., (2015)Allen et al., (2015) further found that La Niña (El Niño) years typically 53 
coincide with more (fewer) tornadoes in the spring and El Niño years with fewer tornadoes 54 
across the central CONUS, and that the winter ENSO phase can be used to predict tornado 55 
frequency during the spring. Additionally, a positive (negative) phase of the Arctic Oscillation 56 
(AO) combined with a La Niña (El Niño) phase may increase (decrease) tornado activity (Tippett 57 
et al., 2022). Tornado activity can also be modulated by anthropogenic climate change (ACC),, 58 
either indirectly via changes in climate modes or/and directly via changes in relevant atmospheric 59 
conditions. For example, increasing greenhouse gas concentrations are projected to lead to a 60 
moister atmosphere, especially in the lower troposphere, which in turn contributes to higher 61 
convective available potential energy (CAPE)  (Trapp et al., 2007). Diffenbaugh et al. (2013) 62 
showed that climate models project a robust increase in the number of days with high CAPE 63 
coinciding with high vertical wind shear (VWS) in the eastern U.S., two important parameters for 64 
tornado-favorable environments (Brooks et al., 2003; Mercer and Bates, 2019; Rasmussen and 65 
Blanchard, 1998; Thompson et al., 2012).  66 

Variability of synoptic-scale circulations provides another means of explaining tornado activity. 67 
Conducive synoptic-scale circulation anomalies for TOs in the United States show a trough-ridge 68 
pattern over the central- to eastern-CONUS, while non-TOs usually feature more zonal flow and 69 
weaker relative vorticity (Mercer et al., 2012). In particular, Cwik et al. (2022) performed rotated 70 
EOF analysis of 500-hPa geopotential height associated with historic May TOs and identified 71 
three circulation patterns. The three circulation patterns are all characterized by a trough feature 72 
over the central to eastern U.S. While their study concludes that the synoptic patterns associated 73 
with TOs remain the same over timefrom 1950 to 2019, there is partial variability in the locations 74 
of TOs on multidecadal scales. Additionally, mesoscale processes without strong links to 75 
synoptic-scale circulations also affect tornadoes, especially weak or isolated tornado events (e.g., 76 
tornadogenesis in non-supercellular storm modes associated with mesoscale boundaries; see 77 
Wakimoto and Wilson, 1989).  78 
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In this study, we will investigate the link between the synoptic-scale circulation and tornado 79 
activity using the concept of weather regimes (WRs), identified using the K-means clustering 80 
analysis.). Previous studies suggest that WRs represent a finite number of equilibrium states of 81 
the climate system (Charney and DeVore, 1979; Hannachi et al., 2017; Michelangeli et al., 82 
1995). Their spatial patterns are determined by the internal dynamics of the atmosphere, while 83 
their frequencies and persistence may be modulated by climate modes or external forcings such 84 
as ACC (Corti et al., 1999). The WR framework thus has a strong dynamic basis. Different from 85 
the EOF analysis, WRs are not required to be orthogonal to each other and can thus more 86 
flexibly represent various recurrent synoptic-scale circulation patterns.  87 

WRs have been used to detect changes in regional temperature, wind, and precipitation (Grams 88 
et al., 2017, 2020; Robertson and Ghil, 1999; Schaller et al., 2018; Vigaud et al., 2018a). In 89 
particular, WRs have been used to investigate sub-seasonal variability of tornado activity, and a 90 
skillful WR-based, hybrid model was developed for the sub-seasonal prediction of tornado 91 
activity in the month of May (Miller et al. 2020). Lee et al., (2023) applied the year-round WR 92 
method (Grams et al., 2017) over North America and defined four year-round WRs. Tippett et 93 
al., (2024) identified statistically significant relationships between these year-round WRs and 94 
tornado activity in all months except June through August, but Tippett et al. (2024) made no 95 
consideration of WR persistency. This helps motivate our focus herein on the warm-season 96 
tornado activity and its interannual variability. and have been used to reliably detect changes in 97 
regional temperature and precipitation (Robertson and Ghil, 1999). Additionally, unlike Cwik et 98 
al. (2022)’s study, which focuses on circulation patterns conditioned on major TOs, our 99 
identification of WRs is independent of TOs. This approach allows us to examine WRs that 100 
facilitate or hinder tornado activity, providing more comprehensive information for potential 101 
forecasting applications. Furthermore, we will examine environmental conditions relevant to 102 
tornado development, such as CAPE and VWS (Brooks et al., 2003; Mercer and Bates, 2019; 103 
Rasmussen and Blanchard, 1998; Thompson et al., 2012), which will help us better understand 104 
the link between WRs and tornado activity. 105 

WRs were used previouslyThe remainder of the paper is organized as follows. First, a detailed 106 
overview of the methodology for WR identification and empirical model development is 107 
presented. The links between WRs and tornado activity is then shown through composite 108 
anomalies of CAPE and VWS, as well as through anomalies of precipitation and TD probability. 109 
Next, WR persistence is analyzed to test the hypothesis that persistent WRs are more likely to 110 
produce TDs and TOs. Finally, the WR components, frequency and persistence, are incorporated 111 
into an empirical model to evaluate the potential of WRs to improve seasonal tornado prediction. 112 
The paper culminates in a discussion of the possible applications of our results.  113 

 to investigate sub-seasonal variability of tornado activity, and a skillful WR-based, hybrid 114 
model was developed for the sub-seasonal prediction of tornado activity in the month of May 115 
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statistically significant relationships between these year-round WRs and tornado activity in all 118 
months except June through August, but Tippett et al. (2024) made no consideration of WR 119 
persistency. This helps motivate our focus herein on the warm-season tornado activity and its 120 
interannual variability. We will test the hypothesis that the interannual variability of warm-121 
season tornado activity is modulated by WR frequency and persistence. A better understanding 122 
of the possible links between WRs and tornado activity may contribute to improved seasonal 123 
prediction of tornado activity.  124 

2 Data and Methodology 125 

2.1 ERA-5 reanalysis data  126 

UsingData from the ERA-5 reanalysis dataset (Hersbach et al., 2020),  were analyzed over the 127 
CONUS [24 − 55௢ N, 130 − 60୭ W] at the native  0.25௢ latitude × 0.25௢longitude resolution. 128 
This includes daily mean 500 hPa geopotential heights (500H) and parameters including ). Daily 129 
maximum values of most unstable CAPE (MUCAPE), 10m and 500 hPa winds,) and convective 130 
precipitation (CP) were analyzed over the CONUS [24 − 55௢ N, 130 − 60୭ W] using the native  131 
0.25௢ × 0.25௢ (latitude ×  longitude) resolution. Since the tornadic storms leading to TOs tend 132 
to initiate between 18 and 00 UTC after sufficient atmospheric destabilization from surface 133 
heating (Cwik et al., 2022), 500H at 21 UTC was used to represent the daily circulation patterns. 134 
Daily maximum values of MUCAPE and CP at each grid point were used to represent the daily 135 
peak instability and in turn amplify the signal for days with the potential for significant 136 
convective storms.. The 0-6 km bulk wind shear (S06), or deep-layer shear, was estimated at 137 
each grid point and 3-h intervalintervals as the magnitude of the vector difference between the 138 
500 hPa and 10 m winds. The daily mean S06 was then determinedcalculated at each ERA-5 grid 139 
point. Daily anomalies of MUCAPE, S06, and CP were calculated by subtracting each calendar 140 
day’s mean froma variable were defined with respect to the daily climatology on every calendar 141 
day, following:  142 

 143 

𝑯ᇱ(𝒅, 𝒚) = 𝑯(𝒅, 𝒚) − 𝑯ഥ (𝒅)   (1) 
where y is year, d is calendar day, H is the variable or parameter of consideration, and the 144 
overbar denotes the long-term mean. A 2o (latitude) x 2o (longitude) uniform filter was applied to 145 
MUCAPE, CP, and S06 anomalies to coarsen the data and were tested for significance using a 146 
one-sample, two-sided t-test.  147 

Following Graber et al. (2024), all analyses were conducted over the period 1960-2022, and 148 
focused specifically on the warm season, defined as April to July, (AMJJ), which is peak season 149 
of tornado activity in the United States. 150 

 151 

2.2 Weather Regimes 152 
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To identify weather regimes, the seasonal cycle, defined as the long-term meandaily anomalies 153 
of 21 UTC 500H at each grid-point for each calendar day, was removed. The 500H data were 154 
thenfirst detrended by removing the linear trend of the seasonal mean (AMJJ) 500H averaged 155 
over the entire Northern Hemisphere (Fig. S1). The detrending approach removed the positive 156 
trend of hemispheric mean 500H caused by climate change while preserving the spatial patterns 157 
and potential changes of WR frequency or persistence. While many previous studies applied a 158 
low-pass filter or/and EOF dimension reduction prior to K-means clustering analysis (e.g., 159 
Grams et al., 2020; Lee et al., 2023; Lee and Messori, 2024; Robertson et al., 2020), Falkena et 160 
al., (2020) cautioned against the use of either EOFs or time filtering on top of K-means 161 
clustering. Our analysis shows that the application of the 5-day running mean or EOF dimension 162 
reduction prior to K-means does not qualitatively affect the regime patterns or the regime 163 
frequencies (Figs. S2-S4). We thus chose to use the simplest procedures for regime 164 
classification. Additionally, unlike Tippett et al., (2024), 500H anomalies are not normalized as 165 
we focus on one season, so seasonality is not as much of a concern.while preserving the spatial 166 
patterns and potential changes of WR frequency or persistence. Although geopotential height 167 
anomalies were normalized prior to the K-means clustering in the year-round WR analysis by 168 
Tippett et al. (2024) and Lee et al. (2023), 500H anomalies are not normalized in this study 169 
because we focus on one season, which is consistent with many previous studies (Miller et al., 170 
2020; Robertson and Ghil, 1999; Vigaud et al., 2018a; Zhang et al., 2024). A 5-day low-pass 171 
filter was applied to 500H anomalies, and the leading 8 EOFs, accounting for ~90% of the 172 
variance, were retained in the EOF dimension reduction; such pre-processing does not 173 
qualitatively affect the regime patterns or the regime frequencies (Figs. S2-S4) but does facilitate 174 
comparison with previous studies. K-means clustering analysis was applied to the 500H daily 175 
anomalies over the CONUS, and the number of clusters was determined as five using the elbow 176 
method (Miller et al. 2020; Kodinariya and Makwana 2013). A persistent WR was defined as a 177 
WR lasting for ≥5 consecutive days. It is worth mentioning that different from the EOF analysis 178 
by Cwik et al. (2022), WRs identified using K-means clustering analysis are not required to be 179 
orthogonal to each other. WRs can thus more flexibly represent various recurrent synoptic-scale 180 
circulation patterns.(Fig S5-S6) using the elbow method and, more clearly, the Davies-Bouldin 181 
Index (Davies and Bouldin, 1979; Kodinariya and Makwana, 2013; Miller et al., 2020), which is 182 
consistent with Zhang et al. (2024). A persistent WR was defined as a WR lasting for ≥5 183 
consecutive days.  184 

2.3 Tornado Reports 185 

Tornado reports for the period 1960-2022 were obtained from the NOAA Storm Prediction 186 
Center Severe Weather Database. These reports are georeferenced with time, date, and EF/F 187 
rating. TDs were defined as any day with ≥1 EF/F-1+ tornadoes, and TOs were defined as any 188 
day with >10 EF/F-1+ tornadoes. The >10 threshold provides a larger sample size than higher 189 
thresholds but has a similar trend as >20 or >30 thresholds (Graber et al. 2024). EF/F-0 reports 190 
were not included due to their reporting uncertainty (Brooks et al., 2014; Trapp, 2013). 191 
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Nevertheless, there are remaining and well-known biases in this dataset, which we attempt to 192 
manage with a focus on days with tornadoes rather than tornado counts (e.g., Brooks et al. 2014; 193 
Graber et al. 2024; Trapp, 2014).   194 

The TD probability anomalies (𝑃௔𝑃௔,௜) were calculated at each grid-point for each WR as 195 

follows: 196 

𝑃௔ =
𝑃௜ − 𝑃௖

𝑃௖
× 100𝑃௔,௜

=
𝑃௜ − 𝑃௖

𝑃௖

× 100 

 (2) 

   
where 𝑃௖ is the climatological mean TD probability and was calculated as the total number of 197 
TDs divided by the total number of days in the warm-season from 1960-2022, and 𝑃௜ represents 198 
the TD probability for WR-i (i.e., the number of TDs for WR-i divided by the total WR-i days). 199 
WRs that are (are not as) conducive for TDs would have probabilities above (below) the 200 
climatological mean and thus positive (negative) probability anomalies. The probability 201 
anomalies of TOs and the probability anomalies associated with persistent and non-persistent 202 
WRs were calculated similarly. A Monte Carlo simulation test with 10000 resamples was used to 203 
test for significance of the anomalies. The number of WR-i days was multiplied by the 204 
climatological mean TD probability to get an expected number of tornado days. The p-value was 205 
calculated based on the proportion of simulations that were more extreme than the observations.  206 

2.4 Empirical model for tornado activity 207 

Using WR frequency and tornado probabilities for both persistent (subscript p) and non-208 
persistent (subscript np) WRs, we developed an empirical model to assess the relationship 209 
between the variability of seasonal tornado activity and WRs: 210 

𝑻𝑰(𝒕) = ෍ 𝒇(𝒊, 𝒕)𝒑 × 𝑷𝒊,𝒑

𝟓

𝒊ୀ𝟏

+ ෍ 𝒇(𝒊, 𝒕)𝒏𝒑

𝟓

𝒊ୀ𝟏

× 𝑷𝒊,𝒏𝒑 
    (3) 

where TI(t) denotes a tornado index for year t. The model takes the count of WR-i days (f (i, t)) 211 
for year t and multiplies it by the tornado probability corresponding to WR-i (P(i)).𝑃௜). The WR 212 
count is a function of regime (i) and year (t). The WR tornado probability is only a function of 213 
regime (i) and represents the likelihood that a TD will occur. Probabilities are assessed for 214 
persistent and non-persistent WRs separately, under the hypothesis that persistent WRs 215 
contribute to stronger TD or TO anomalies (Miller et al., 2020; Trapp, 2014). Spearman Rank 216 
correlation is used to compare the modeled and observed tornado indices.  217 

   
3    Weather Regimes and Tornado Activity 218 

Formatted Table
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The composite mean 500H anomalies for each WR are shown in Fig. 1, ordered with decreasing 219 
frequency of occurrence. WR-A is the most frequent regime and is characterized by an 220 
anomalous high over the west-central-CONUS and a weak anomalous low over the Southeast. 221 
WR-B and WR-C are both characterized by a three-cell wave pattern, with negative and positive 222 
500H anomalies over the central-CONUS, respectively. WR-D and WR-E are west-east dipole 223 
patterns that nearly mirror each other. Some WRs are similar to the year-round WRsThe WR 224 
spatial structures closely resemble the WRs in Zhang et al. (2024) and Miller et al. (2020). WR-225 
A is also similar to the Alaskan ridge pattern in Lee et al., (2023), which were subsequently used 226 
by  and Tippett et al., (2024). More specifically, WR-A features spatial similarities to a Pacific 227 
Trough, WR-B), and WR-D show warm and cool phases of a Pacific Ridge associated with 228 
ENSO, and WR-E is characterized by an Alaskan Ridge. WR-C features spatial similarities to a 229 
Greenland High as well. It is worth mentioning thatsimilar to their Pacific ridge pattern. 230 
However, since our study focuses on a different region, and a specific season, and choosesis 231 
based on a different k value, andnumber of clusters, there are thus noticeable differences. WR-A 232 
features two anomalous highs overIn particular, the two coasts as opposed to one anomalous 233 
high over the central-CONUS. The anomalous low in WR-B is more pronounced thanWRs in 234 
Lee et al.,. (2023). The anomalous high in WR-C is wavelike unlike the Greenland high in Lee et 235 
al., (2023). The dipoles in WR-E are further south than) have a stronger loading in higher 236 
latitudes, probably partly because they are in the Alaskan Ridge in Lee et al., (2023). normalized 237 
geopotential height anomalies by the area-averaged standard deviations with a cosine-latitude 238 
weighting, a procedure we choose to exclude.  239 

The potential links between these WRs and tornado activity are indicated by MUCAPE and S06 240 
(Fig. 1a-e). Composite anomalies of these parameters were calculated by subtracting the 241 
corresponding climatological mean (Fig. 1f) from the composite mean associated with each WR. 242 
The high values of the climatological MUCAPE across the central- and southeastern CONUS are 243 
connected to the physical geography of North America (Brooks et al., 2003; Trapp, 2013) and 244 
the warm-season climatological mean 850-hPa circulation, with southerly winds transporting 245 
heat and moisture into the central-CONUS (Mercer and Bates, 2019). The climatological S06 is 246 
characterized by high values over the eastern-CONUS, which are tied to the midlatitude jet 247 
stream. With an anomalous 500H high over the west-central-CONUS and an anomalous 500H 248 
low over the Southeast, WR-A favors anomalously low MUCAPE and S06 relative to 249 
climatological means. In contrast, the anomalous 500H low over central North America and the 250 
anomalous 500H high over the southeastern U.S. in WR-B imply enhanced westerly flow and 251 
increased moisture and warm-air transport from the Gulf, leading to positive S06 and MUCAPE 252 
anomalies in southeastern U.S. The favorable anomalies presented in WR-B agree with the 253 
Pacific Ridge findings in Tippett et al. (2024). In WR-C, the anomalous 500H low over western 254 
North America and the anomalous 500H high over central North America imply enhanced 255 
southerly flow and increased moisture and heat transport leading to positive MUCAPE 256 
anomalies in the central U.S., which overlap with reduced S06 south of the anomalous high.  For 257 
WR-D, the anomalous 500H high over the eastern CONUS and the anomalous 500H low over 258 
the western CONUS imply enhanced southerly flow and increased moisture and heat transport, 259 
consistent with positive MUCAPE anomalies in the central U.S., while S06 decreases in the 260 
south of the anomalous high and increases in the north. WR-E, in contrast to WR-D, implies 261 
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reduced southerly flow and decreased moisture and warm-air transport and is associated with 262 
negative MUCAPE anomalies in the central U.S., but S06 increases substantially over the 263 
Southeast. 264 

 265 
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 266 

Figure 1: (a-e) Composite anomalies of 500H (black contours, +/- 10 m) for each warm-season WR and 267 
corresponding 2o x 2o uniform-filtered anomalies of daily maximum MUCAPE (units: J Kg-1; color fill) and daily 268 
mean S06 (units: m s-1; goldyellow contours);). Significance (p<0.05) was tested at each grid point using a one-269 
sample, two-sided t-test to mask out non-significant anomalies; (f) Warm-season climatology of 500H (black 270 
contours, labeled), daily maximum MUCAPE (color fill) and daily mean S06 (goldyellow contours).  271 

The WR-tornado activity link is illustrated by the composite anomalies of TD probability and CP 272 
for each WR. (Fig. 2a-e). The climatological TD probability and CP are also shown (Fig. 2f) for 273 
reference. Here TD probability anomalies are evaluated following Eq. 2 with respect to Pc at 274 
each grid point. and then smoothed using a scipy gaussian filter with sigma 6. Such smoothing 275 
has removed some small-scale anomalies but retained the large-scale patterns. Convective-storm 276 
occurrences can be approximated using CP. Convective storms are a necessary but insufficient 277 
condition for tornadoes, so more CP does not necessarily lead to more tornadoes, but less CP 278 
likely means reduced tornado activity (Tippett et al., 2014). CP anomalies collocate well with the 279 
MUCAPE anomalies (Fig. 1) since non-zero CAPE is generally necessary for deep convection, 280 
but CP also includes information about convection initiation. WR-A has negative TD anomalies 281 
in the central-CONUS, where negative anomalies in CP and MUCAPE/S06 are also present. 282 
Positive TD anomalies in the Southeast and Midwest of WR-B are collocated with positive 283 
anomalies in CP, MUCAPE, and S06. Despite the negative S06 anomalies, positive TD 284 



 

10 
 

anomalies occur in the central Great Plains in a region of positive MUCAPE and CP anomalies 285 
for WR-C. Weak, negative TD anomalies in association with WR-C are found in the Southeast 286 
where negative CP anomalies are present. Positive (negative) TD anomalies in WR-D over the 287 
central-CONUS are collocated with positive (negative) CP and MUCAPE anomalies, and 288 
reduced S06 (Fig. 1d) also contributes to the negative TD anomalies in the Southeast. Finally, 289 
negative TD anomalies occur in the central-CONUS, collocated with negative anomalies of 290 
MUCAPE and CP associated with WR-E, while positive TD anomalies occur in the Southeast 291 
despite reduced MUCAPE. The latter can probably be attributed to the strong positive anomalies 292 
in S06 (Figs. 1e and 2e). However, given the low climatological TD probability in the Southeast 293 
(Fig. 2f), the absolute changes in TD days may not be high. Overall, the distribution of TD 294 
anomalies shows a good agreement with CP and MUCAPE anomalies of the same sign, and S06 295 
seems to play a secondary role in most regions.  296 

 297 

 298 
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 299 

Figure 2: a-e): Significant2o x 2o uniform-filtered, significant composite anomalies of daily maximum CP rate 300 
(units: mm h-1; shading) at each grid point (greenred/blue filled contours) for each WR A-E days with gaussian 301 
smoothed TD probability anomalies (contour intervals: +/- 10 %; magenta20 %; orange and cyan colors represent 302 
positive and negative values, respectively) and 500H for each WR (black contours: +/- 10 m);). Significance 303 
(p<0.05) is tested at each grid point using a one-sample, two-sided t-test to mask out non-significant anomalies; (f) 304 
Climatology of daily maximum CP (shading), 500H (black contours), and tornado day probability (magentaorange 305 
contours). Significance is testedClimatological probabilities are shown at each grid point using a one-sample t-test 306 
with the null hypothesis that the sample meancontour intervals of the anomalies is equal to zero, and anomalies with 307 
p-values+0.05 are regarded as significant01.  308 

The link between WRs and geospatially aggregated tornado activity is summarized in Fig. 3 for 309 
different regions. There are a total of 4348 warm-season TDs from 1960-2022, therefore 𝑃௖ ≈ 310 
56.5%. TD probability is enhanced for WR-B and WR-D, with probability anomalies of 311 
16.5+19.2% and +9.8.2%, respectively (corresponding to TD probabilities of 65.967.6% and 312 
6162.3%; Fig. 3). For reference, these are associated with large positive TD probability 313 
anomalies in the Southeast and central-CONUS, respectively (Fig. 2). TD probability is reduced 314 
for WR-A and WR-E, associated with negative tornado-reportTD anomalies across the central-315 
CONUS (Fig. 2). The TD probability anomaly associated with WR-C is close to zero (Fig. 3), 316 
which can be attributed to the near-cancellation between the opposite anomalies in the Southeast 317 
and central-CONUS (Fig. 2).  318 
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There are 415 warm-season TOs from 1960-2022, therefore 𝑃௖ = 5.4%. In general, the TO 319 
probabilities have a stronger signal than TDs (yellow bars in Fig. 3). For TOs, WR-A has the 320 
strongest negative signal with a -70.0160.77% anomaly while WR-B has the strongest positive 321 
signal with a +69.8176.39% anomaly (Fig. 3).  The TO anomalies are consistent with the 322 
analysis in Figs. 1-2, in which WR-A (WR-B) showed reduced (enhanced) MUCAPE, S06, and 323 
CP over the central and Southeast CONUS. The TO probability associated with WR C is around 324 
the climatological mean. WR-D has a positive, but not significant anomaly of TO probability 325 
(+19.5637.4%; Fig. 3), which is consistent with enhanced MUCAPE and CP over the central-326 
CONUS (Figs. 1d&2d). WR-E is associated with a negative TO probability anomaly, which can 327 
be linked to the reduced tornado activity over the central-CONUS (Fig. 2). Further analysis 328 
reveals that roughly 8364% of all TOs occur during a WR-B, C, or D.  329 

We also checked TOs using >20 and >30 tornadoes thresholds (red and purple bars in Fig. 3). 330 
The analysis based on the >20 threshold yields similar results as that defined based on the >10 331 
threshold. Although WR-A and WR-B demonstrate significant and consistent signals for days 332 
with >30 tornadoes, the other WRs exhibit contrasting signals for the >10 and >30 thresholds. 333 
This could be due to the small sample size of TOs when using the >30 threshold, and those 334 
anomalies are not significant. 335 

 336 
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 337 

Figure 3: Tornado probability anomalies for days with > 0, > 10, > 20, & > 30 tornadoes for each WR in the 338 
CONUS (see Eq. 2 and the related discussion). Anomalies above the 95 % confidence level based on the Monte 339 
Carlo testing (with 10,000 resampling) are regarded as significantly different from zero and marked with an asterisk. 340 

Next we compare persistent and non-persistent WRs to test the hypothesis that persistent regimes 341 
amplify the TD/TO probability anomalies. Persistent WRs are defined as those lasting for at least 342 
5 days. The comparison of the TD probability anomalies between persistent and non-persistent 343 
WRs (Fig. 4a) does not fully support our hypothesis. Although persistent WR-B and WR-D are 344 
associated with a stronger positive anomaly in TD probability than their non-persistent 345 
counterparts, the negative TD probability anomalies are about the same for persistent and non-346 
persistent WR-A, and persistent WR-E shows an even weaker decrease in TD probability than 347 
non-persistent WR-E. Persistent and non-persistent WR-C show TD probability anomalies of 348 
opposite signs, both with a small magnitude. Compared to TD probability, the anomalies of TO 349 
probability are generally stronger for both persistent WRs and non-persistent WRs. In 350 
particular,A persistent WR-B is associated with an increase of a TO probability by close 351 
80anomaly of ~90% and accounts for about ~30% of all TOs, while persistent WR-A is 352 
associated with a decrease ofnegative TO probability by about anomaly of ~70%. However, a 353 
consistent picture emerges: persistent WRs amplify the positive anomalies but do not 354 
furthernecessarily enhance the negative anomalies in comparison to the corresponding non-355 
persistent WRs. The exception is persistent WR-C, which is associated with nearly zero TO 356 
anomaly, in contrast to a positive but not significant anomaly for non-persistent WR-C (Fig. 4b).  357 

The asymmetric impacts of WR persistence on positive and negative tornado activity anomalies 358 
are also illustrated in Fig. S5S7. One possible interpretation is that tornado activity indices are 359 
positively defined metrics so they cannot be reduced much further when already close to zero. 360 
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AdditionallyHowever, the results should also be interpreted with caution given the limited 361 
sample sizes for certain groups (Table S1). 362 

 363 

 364 

Figure 4: (a) TD and (b) TO (days with > 10 EF-1+ tornadoes) probability anomalies for each WR for persistent 365 
and non-persistent days. Anomalies above the 95 % confidence based on the Monte Carlo testing are marked with an 366 
asterisk. Anomalies above the 95 % confidence level based on the Monte Carlo testing (with 10,000 resampling) are 367 
regarded as significant and marked with an asterisk. 368 

 369 

 370 

4     Variability of WRs and Tornado Activity 371 

In this section, we further quantify the link between WRs and tornado activity. WR frequencies 372 
demonstrate strong interannual and decadal variability (Fig. S6aS8a-e). In particular, WR-A 373 
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exhibits a frequency increase during the 1980s and reached a peak around 1990, coinciding with  374 
the steepest decrease in TDs (Brooks et al., 2014; Graber et al., 2024); and WR-D shows a 375 
negative trend of occurrence in the recent two decades.. The increase in seasonal frequency in 376 
WR-A is consistent with the spatially similar ridge-trough-ridge WR in Zhang et al., (2024). The 377 
frequencies of persistent WRs also show changes across different multidecadal time periods (Fig. 378 
S6fS8f).  379 

To examine whether WRs can help explain the interannual and decadal variability of tornado 380 
activity over the period 1960-2022, an empirical model was developed following Eq. 3. Figure 381 
5a shows the empirically modelled TDs along with the observed TDs. Despite the decadal 382 
variability of WR and persistent WR frequencies (Fig. S6S8), the empirical model fails to 383 
capture the observed decreasing trend or the decadal shift in the 1980s. After detrending the 384 
observations using the least-squares fit, the model reasonably represents the interannual 385 
variability of TDs (Fig. 5b), with a rank correlation of 0.3531 (p-value ~0.0401). An empirical 386 
framework for EF-3+ TDs was also tested, yielding a rank correlation of 0.3741 (Fig. S7S9). It is 387 
interesting to note that the modelled TDs are nearly out of phase with observations in the 1960s, 388 
when tornado reports are less reliable (Trapp, 2013). After excluding these years, we 389 
reconstructed the empirical model using updated TD probabilities during 1970-2022, and the 390 
correlation increases to 0.4642 (Fig. S8aS10a). The empirical framework was also tested for EF-391 
3+ TDs during 1970-2022, and the correlation is 0.4953 (Fig. S8bS10b).  392 

We also examined TOs. The TO time series from the empirical model has a significant rank 393 
correlation (above the 95% confidence level) with the observations but it underestimates the 394 
observed variance. Since the observed TOs do not have a strong trend, detrending the data does 395 
not affect the results appreciably. Similar to the TD model results (Fig. 5a, b), the TO model is 396 
nearly out of phase with the observations in 1960s. After excluding the data in 1960s, the 397 
correlation between the empirical model and observation increases to 0.4338 from 1970-2022 398 
(Fig. S8cS10c).  399 

  400 
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 403 

Figure 5: Empirically modeled TDs (blue with circles) per year overlaid with (a) observed TDs (red with crosses) 404 
and (b) detrended observed TDs (red with crosses) with spearman rank correlation coefficient (cc) and p-value; (c) 405 
empirically modeled (blue with circles) and observed (red with crosses) TOs per year with the spearman rank 406 
correlation coefficient and p-value.  407 

It is worth noting that although the empirical model captures the interannual variability of TDs 408 
reasonably well, it misses the negative trend or decadal variability of TDs. The empirical model 409 
is constructed under the assumption that probability anomalies of tornado activity associated 410 
with the WRs do not change during the period of analysis. This assumption, however, may not 411 
be strictly valid. For example, MUCAPE increases over time for all five WRs, although S06 412 
undergoes smaller changes (Fig. 6a-f, S9-S10). Additionally, convective inhibition (CIN) 413 
increases in the Southeast for WR-B (Fig. 6h) and in the central-CONUS for WR-C (Fig. 6i) 414 
from P1 to P3. Further analysis reveals lower TD probability for various regimes in P3 than in P1 415 
(not shown). This may explain why the empirical model fails to capture the trend of TDs.For 416 
example, significant increases in MUCAPE from P1 to P3 are found for all five WRs, although 417 
S06 undergoes smaller changes (Fig. S11). Additionally, convective inhibition (CIN) increases in 418 
the Southeast and Midwest for WR-B (Fig. S11h) and in the central-CONUS for WR-C (Fig. 419 
S11i) from P1 to P3. Further analysis reveals a lower TD probability for all WRs in P3 than in P1 420 
(not shown), consistent with the negative trend of TDs (Graber et al., 2024). A better 421 
understanding of dynamic and thermodynamic anomalies associated with WRs and the role of 422 
internal climate variability and anthropogenic forcing in modulating WRs will help us better 423 
understand tornado activity on the decadal and longer time scales. 424 
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 425 

Figure 6: Change in MUCAPE (shading) anomalies (a-e) and CIN (shading) anomalies (g-k) from period 1 (1960-426 
1979) to period 3 (2000-2022) for each WR and (f, l) all WR days.  427 

5. Summary 428 

The weather regime concept was used to investigate the link between synoptic-scale circulation 429 
patterns during the warm season and the variability of corresponding tornado activity over the 430 
U.S. on the interannual time scale. Five WRs were identified over North America using the K-431 
means clustering analysis of daily mean 500H anomalies from the ERA-5 reanalysis. WR-A is a 432 
three-cell wave-pattern and is associated with negative anomalies of tornado activity in the 433 
central-CONUS, which is consistent with negative anomalies of MUCAPE and S06 over that 434 
region. WR-B is a three-cell wave-pattern that contributes to increased tornado activity in the 435 
Southeast as evidenced by positive anomalies in MUCAPE and S06 there. WR-C is a three-cell 436 
wave-pattern with negative 500H anomalies over both coasts. It is associated with positive 437 
MUCAPE anomalies over the central-CONUS and negative S06 anomalies. It exhibits 438 
climatologically average tornado activity, but it does make a positive, spatially small, 439 
contribution to tornado activity in the Great Plains. WR-D and WR-E are both dipole patterns 440 
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with positive and negative 500H anomalies over the east coast, respectively. WR-D contributes 441 
to anomalously positive tornado activity in the Great Plains while WR-E contributes to 442 
anomalously negative tornado activity in the Great Plains. WR-E also contributes to positive 443 
anomalies of tornado activity in the Southeast. A year that includes a high number of WR-B days 444 
is likely to have an above average number of TDs and TOs. In contrast, a year with a high 445 
number of WR-A days would likely have a below average number of TDs and TOs 446 

We tested the hypothesis that WR persistence amplifies the tornado activity anomalies, 447 
regardless of positive or negative anomalies. However, the impacts of WR persistence on 448 
positive and negative tornado activity anomalies are found to be asymmetric: persistent WRs 449 
amplify the positive anomalies but may not further enhance the negative anomalies. This can 450 
probably be attributed to the positive-definite nature of tornado activity indices. While persistent 451 
WRs with favorable environmental conditions (such as WRs B and D) may further increase 452 
tornado activity, TD or TO probability cannot be reduced much further by the persistence of a 453 
tornado-unfavorable WR (such as WR-A) when they are already close to zero.   454 

Using WR frequency and persistence, an empirical model was developed to quantify the 455 
relationship between tornado activity and warm-season WRs. The performance of the empirical 456 
model shows promising skill in estimatingskillfully estimated the interannual variability of 457 
tornado days or TO days, and the model performance was better after excluding the data in the 458 
1960s. Since the empirical model used WR frequency derived from the ERA reanalysis, its 459 
predictive skill can be considered an upper bound for this empirical prediction framework, 460 
assuming the perfect knowledge of WR frequencies. The atmospheric general circulation model 461 
simulations by Straus et al. (2007), which were forced by observed SST and sea ice, suggested 462 
the predictability of WRs, thus indicating the potential value of this approach. 463 

The empirical model, however, misses the trend or the multi-decadal variability of TDs. This 464 
model deficiency could be attributed to the non-stationary relationship between WRs and tornado 465 
activity on the multi-decadal time scale, which is illustrated by the increase in CAPE for all WRs 466 
in the more recent decades. The roles of internal variability and anthropogenic forcing, however, 467 
are outside the scope of the present study and merit further investigation. Furthermore, although 468 
not explored in this study, WRs and tornado activity may both be modulated by large-scale, low-469 
frequency climate modes. WRs could potentially (Cook and Schaefer, 2008; Lee et al., 2023; 470 
Niloufar et al., 2021; Tippett et al., 2024; Vigaud et al., 2018a). Given the potential predictability 471 
of WRs (Straus et al. 2007), they may act as an intermediary between large-scale climate modes 472 
and tornado activity, while the low-frequency modes may be important sources of predictability 473 
for the interannual variability of tornado activity. Overall, weather regimes offer a promising 474 
path for developing skillful seasonal tornado prediction models. Such efforts are ongoing and 475 
will be reported in due course. 476 

 477 
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Code Availability 490 

Weather Regime identification code isand WR structures/labels are available at: 491 

https://github.com/Matt0604/Kmeans 492 
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Data Availability 495 

The ERA5 data are available at the NCAR research data archive (RDA) (ds 633.0d633000) and 496 
Copernicus Climate Data Store (CDS). 497 

doi: 10.5065/BH6N-5N20 498 

The tornado report data used in this study are available through the NOAA Storm Prediction 499 
Center severe weather database. 500 

https://www.spc.noaa.gov/wcm/#data  501 
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