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 3 

ABSTRACT 4 

This study shows for the first time statistical evidence that when anthropogenic aerosols 5 

over the eastern USA during summertime are at their weekly mid-week peak, tornado and 6 

hailstorm activity there is also near its weekly maximum.  The weekly cycle in 7 

summertime storm activity for 1995–2009 was found to be statistically significant and 8 

unlikely to be due to natural variability.  It correlates well with previously observed 9 

weekly cycles of other measures of storm activity.  The pattern of variability supports the 10 

hypothesis that air pollution aerosols invigorate deep convective clouds in a moist, 11 

unstable atmosphere, to the extent of inducing production of large hailstones and 12 

tornados.  This is caused by the effect of aerosols on cloud-drop nucleation, making cloud 13 

drops smaller and hydrometeors larger. According to simulations the larger ice 14 

hydrometeors contribute to more hail. The reduced evaporation from the larger 15 

hydrometeors produces weaker cold pools. Simulations have shown that too cold and 16 

fast-expanding pools inhibit the formation of tornados. The statistical observations 17 

suggest that this might be the mechanism by which the weekly modulation in pollution 18 

aerosols is causing the weekly cycle in severe convective storms during summer over the 19 

eastern USA. Although we focus here on the role of aerosols, they are not a primary 20 

atmospheric driver of tornados and hailstorms, but rather modulate them in certain 21 

conditions.22 
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1. Introduction 23 

 24 
This study puts to a statistical test the hypothesis that air pollution increases the chance of 25 

severe convective storms. The motivation for posing this question is based on physical 26 

considerations that are described in Section 1.2 of the Introduction. These considerations 27 

have already been partially supported by the observations of a weekly cycle in rainfall, 28 

storm heights, and large-scale vertical winds, made by Bell et al. [2008].  We believe this 29 

hypothesis does two things: 1) it provides a framework for understanding the 30 

observations originally reported by Bell et al. [2008]; and 2) it has been a very successful 31 

tool for predicting weekly cycles in other meteorological quantities, some of which have 32 

been reported elsewhere (e.g., lightning activity [Bell et al., 2009a]), and fractional cloud 33 

cover and cloud-top temperatures (mentioned in Bell et al., 2009b), and some of which 34 

(weekly cycles in hailstorm and tornado activity) are reported here. 35 

 36 
We believe that a strong observational case is made in this paper for the existence of 37 

a weekly cycle in hailstorm and tornado activity over the eastern U.S. during the summer.  38 

We would not have looked for such evidence had we not had the physical theory we 39 

present below to guide us.  Nevertheless, we should emphasize that the observations we 40 

report here only show a correlation in hailstorm and tornado activity with the well-41 

established weekly cycle in pollution over the same area, and correlations do not prove 42 

causality.  These observations provide the impetus for more detailed observational studies 43 

and advances in modeling of the effects of aerosols on storm development that will be 44 

capable of establishing the causal connection, a connection we can only present as a 45 

hypothesis here. 46 
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 47 
1.1 The weekly cycle in rain intensity and lightning activity 48 

 49 
The weekly cycle of working weekdays and resting weekends is associated with 50 

weekly-varying levels of particulate air pollution [e.g., Bell et al., 2008]. This cycle has 51 

been shown to be associated with weekly cycles of midweek rainfall amounts, storm 52 

heights [Bell et al., 2008; Bell et al. 2009b], and lightning activity [Bell et al., 2009a] in 53 

the warm and moist climate of summer months in the southeast USA.  It was 54 

hypothesized that this is caused by mid-week enhanced particulate air pollution 55 

invigorating convective storms, as will be described in Section 1.2. Theoretical 56 

considerations and cloud simulations, described in Section 1.3, support this hypothesis.  57 

 58 
1.2 The physical basis for aerosols invigorating convective clouds 59 
 60 

Particulate air pollution can invigorate convective storms whose cloud bases are 61 

warm enough that the cloudy air has to rise several km before reaching the freezing level.  62 

In clouds forming in pollution-free air, rain can develop and precipitate from the lower 63 

parts of the cloud without freezing. This early rain can be inhibited by the pollution 64 

aerosol particles that act as cloud-drop condensation nuclei (CCN) and nucleate greater 65 

concentrations of smaller cloud drops that are slower to coalesce into rain drops [Gunn 66 

and Phillips, 1957]. In clouds with warm cloud-base temperatures the freezing level is 67 

several km above cloud base, so that rain can develop and fall from the rising air in the 68 

cloud. Because the effect of aerosols is to suppress coalescence, rain is delayed and a 69 

larger fraction of the cloud water ascends above the 0°C isotherm level, where it is 70 

accreted on ice precipitation particles that fall and melt at lower levels [Molinié and 71 

Pontikis, 1995; Andreae et al., 2004]. The additional release of latent heat of freezing 72 
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aloft and reabsorbed heat at lower levels by the melting ice implies greater upward heat 73 

transport for the same amount of surface precipitation in the more polluted atmosphere. 74 

In addition, greater evaporative cooling of the cloud water in the downdrafts increases 75 

further the vertical heat exchange [Lee et al., 2010].  This means that more instability is 76 

consumed for the same amount of rainfall. The inevitable outcome is invigoration of the 77 

convective clouds [Rosenfeld et al., 2008].  Cloud simulations have supported this 78 

hypothesis by showing that updrafts increase in warm-base clouds (~ 20°C) with added 79 

aerosols that suppress the warm-rain processes [Khain et al., 2004, 2005, 2008; Khain 80 

and Lynn, 2009; Wang, 2005; Tao et al., 2007; Li et al., 2008; Lee et al., 2008a; van den 81 

Heever et al., 2006; van den Heever and Cotton, 2007; Ntelekos et al., 2009]. According 82 

to these simulations, invigoration was not necessarily associated with added rainfall 83 

amounts. Enhanced rainfall was simulated only in warm, moist, unstable and low shear 84 

environments [Khain et al., 2008; Lee et al., 2008b; Fan et al., 2007 and 2009]. The 85 

stronger updrafts and downdrafts resulted in more coherent organization of the simulated 86 

convection that feeds back into the intensity of the storms [Ntelekos et al., 2009; Lee et 87 

al., 2010]. The invigoration was supported also by observations of more polluted 88 

convective clouds growing taller [Koren et al., 2005, 2008 and 2010] and invigorating the 89 

circulation systems (Zhang et al., 2007; Bell et al., 2008). 90 

 91 
1.3 The physical basis for aerosols enhancing lightning, hail and tornadoes 92 
 93 

The invigorated updrafts with added supercooled water and ice hydrometeors 94 

provide the conditions for enhanced cloud electrification [Molinié and Pontikis, 1995; 95 

Williams et al., 2002; Andreae et al., 2004]. However, the observational evidence was 96 

questioned due to the difficulty in separating the roles of thermodynamics and aerosols 97 
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[Lyons et al., 1998; Williams and Stanfill, 2002; Williams et al., 2002; Williams, 2005]. 98 

Critical supporting observational evidence for the validity of the invigoration hypothesis 99 

was obtained very recently, where volcanic aerosols, whose variability was completely 100 

independent of meteorology, were observed to invigorate deep convective clouds over the 101 

northwest subtropical Pacific Ocean and more than double the lightning activity [Yuan et 102 

al., 2011; Langenberg, 2011]. 103 

The greater amount of supercooled cloud water in polluted situations means greater 104 

growth rate of ice hydrometeors. The stronger updrafts mean that larger hail stones can 105 

be suspended in the cloud before falling to the ground. Therefore, it is reasonable to 106 

expect that clouds in more polluted air would produce larger hail stones. This is 107 

supported by some observations [Andreae et al., 2004; Wang et al., 2009] and 108 

simulations [Storer et al., 2010; Khain et al., 2011].  109 

 110 

The dynamics of convective storms respond to the initial changes in precipitation by 111 

changes in the downdrafts and their evaporative cooling, which feed the cold pools and 112 

their gust fronts. Early simulations [Gilmore et al., 2004; van den Heever and Cotton, 113 

2004] showed that storm dynamics are very sensitive to changes in hydrometeor size, 114 

such that smaller hydrometeors create larger cold pools and stronger gust fronts that feed 115 

back to the storm dynamics. Colder downdrafts would produce a faster moving gust front 116 

that would tend to cause faster propagation of the squall line. A supercell can be regarded 117 

as a quasi-steady-state convective storm, where the gust front is not outrunning and 118 

undercutting the updraft in the feeder clouds. Less evaporative cooling into the downdraft 119 

would reduce the cooling and extent of the cold pool. A slower moving gust front with 120 
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respect to its originating cell would drive the convective system closer to a state of a 121 

supercell, which is the typical cloud type that produces large hail and tornadoes. 122 

Supercell storms inherently form in a high wind shear environment. The wind shear 123 

causes the main rain shaft with the associated downdraft to be displaced from the low 124 

level updraft. This is the mechanism that allows the longevity of the supercell storms, and 125 

hence increases their vigor and potential for generating tornados and large hail. The 126 

simulations of Fan et al. (2009) showed that aerosol-induced invigoration of the updraft 127 

aloft requires a weak wind-shear environment. With little aerosol-induced invigoration 128 

expected during the strong-wind-shear conditions that are favorable for large hail and 129 

tornadic storms, the mechanism in question by which aerosols increase the chance of 130 

tornados, cannot be fully explained by the convective invigoration hypothesis (Rosenfeld 131 

et al., 2008). Here we propose that the aerosol-induced changes in the precipitation 132 

particle-size distribution reduce the evaporative cooling in the precipitation shaft. The 133 

way by which it might enhance tornadogenesis is described next.  134 

Ludlam [1963] proposed that air parcels within the downdraft tend to be less 135 

negatively buoyant (warmer) in tornadic vs. nontornadic supercells. Tornadic vortices 136 

increase in intensity and longevity as downdraft parcel buoyancy increases, because 137 

colder parcels are more resistant to lifting. This was supported by observational and 138 

numerical modeling studies [Markowski et al., 2002 and 2003]. Simulations of the 139 

sensitivity of tornadogenesis to the hydrometeor size distribution, done at the high 140 

resolution of 100 m [Snook and Xue, 2008], showed that by merely increasing the 141 

hydrometeor size an EF2 intensity tornado was produced by the model. When the cold 142 

pool is strengthened by decreasing the hydrometeor sizes, the updraft is tilted rearward by 143 
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the strong, surging gust front, causing a disconnection between low-level circulation 144 

centers near the gust front and the mid-level mesocyclone.   145 

Clouds with smaller drops were observed to produce larger rain drops for the same 146 

rain intensity [Rosenfeld and Ulbrich, 2003]. This was confirmed by simulations of warm 147 

rain [Altaratz et al., 2008] and mixed phase clouds [Khain et al., 2011]. Incorporating 148 

this effect in simulations of an idealized supercell thunderstorm [Lerach et al., 2008] 149 

showed that the added aerosols suppressed the precipitation and produced larger and 150 

fewer hailstones and raindrops. This produced an EF-1 tornado. The unpolluted 151 

simulation produced more precipitation evaporative cooling, and thus a stronger surface 152 

cold pool that surged and destroyed the rear flank downdraft structure. This resulted in a 153 

single gust front that propagated more rapidly away from the storm system, separating the 154 

low-level vorticity source from the parent storm and thus hindering the tornadogenesis.  155 

Rosenfeld and Ulbrich [2003] attributed the aerosol effect on precipitation particle 156 

size distribution to the larger number of raindrop embryos that form in warm rain 157 

processes as compared to precipitation initiation by ice precipitation embryos in mixed 158 

phase clouds. For the same aerosol concentrations, warmer cloud base means larger 159 

distance to the freezing level, where cloud drops can grow bigger and coalesce faster into 160 

rain drops. Therefore, this aerosol effect on the precipitation particle size distribution and 161 

in turn on tornadogenesis is expected to be more pronounced for clouds with warmer 162 

bases. According to Figure 1, sufficiently warm cloud base for the aerosol effects (> 163 

~15°C) occur during the months June-August over the eastern part of the USA, to the east 164 

of longitude 100W. During the summer months this line lies along the dew point 165 

isotherm of 15°C within a sharp gradient of increasing dew points eastward. The analysis 166 



  

 8 

of the aerosol effects in this study is focused at these times and places. Interestingly, the 167 

strongest hailstorms occur just to the west of 100W. Williams et al. (2005) ascribed this 168 

to the fact that cloud-base height is sufficiently high and cold while the instability is still 169 

very high, such that warm rain is prevented from forming in the short distance between 170 

cloud base and the freezing level regardless of the aerosol amounts, allowing large 171 

accumulations of supercooled water that feed the growth of large hail. The cloud base is 172 

still not too cold to deplete the amount of potential condensates and supercooled water 173 

that are required for the growth of large hail. The cloud base west of 100W is thus too 174 

cool for aerosols to be a major factor in modulating the hailstorms. 175 

In this brief review we have shown that there is a physical basis for the hypothesis 176 

that added aerosols can contribute to the occurrence of large hail and tornadoes. In the 177 

next sections the hypothesis that the weekly cycle in pollution aerosols is associated with 178 

a similar cycle in the hail and tornadoes will be tested using observational data for hail 179 

and tornado activity.  180 

 181 
2. The data 182 

 183 
Based on the physical considerations above, we expect that the occurrences of severe 184 

convective storms would be enhanced in a more polluted atmosphere during the summer 185 

months in the eastern USA, where the convective storms form in a warm and moist 186 

atmosphere and are least forced by synoptic weather systems such as cold fronts. In order 187 

to test whether there is a weekly cycle, daily counts of tornados or hail, categorized by 188 

intensity, were analyzed.  189 

Data for tornado and hail observations in the U.S.A. were obtained from the web site 190 

of the Storm Prediction Center (SPC) of the National Oceanic and Atmospheric 191 
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Administration [SPC Data, 2010].   The observational data maintained by the SPC are 192 

based on reports collected by local National Weather Service Forecast Offices from a 193 

wide variety of sources (trained spotters, emergency personnel, the media, the general 194 

public, etc.).  The assignment of tornado strength on the enhanced Fujita scale [EF] for a 195 

tornado probably reflects both estimates of the intrinsic strength of the tornado and 196 

valuations of the level of property damage found along the path of the tornado (see, for 197 

example, Doswell and Burgess [1988]).  A characteristic largest hailstone size is assigned 198 

to hailstorm events, according to the NOAA National Weather Service (2007) Storm 199 

Data Preparation rules.  Hail diameters are given in inches.  One inch equals 2.54 cm.  200 

The NOAA Warning Coordination Meteorologist attempts to identify and remove 201 

duplicate observations and to link storms that span several jurisdictions.  The data we 202 

used were current as of 16 March 2010. 203 

   204 
Schaeffer and Edwards [1999] suggest a number of possible biases in these data: 205 

tornados generally go unreported where no one lives; both population and population 206 

awareness has increased over the years; and the adoption of warning systems has made 207 

people more alert to tornados.  More tornados are observed near populated areas than 208 

away from them.  Storms that are particularly severe are probably missed less often, 209 

however.  The total numbers of tornados and of hailstorms have generally trended 210 

upwards with the years (Figure 2). The conventions for attributing a given Fujita scale to 211 

a storm have also evolved (e.g., Schaefer and Edwards, 1999).   Rapid increases in the 212 

numbers reported may be due to the introduction of new technology: implementation of 213 

the WSR-88D radars with Doppler capability in about 1991, for example, may have led 214 

to increased reporting of tornados after that date.  An analysis by Ray et al. [2003] 215 
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suggests that tornados are reported more often near population centers and that tornado 216 

occurrences prior to 1992 may have been underestimated by about 40%.  217 

The observational biases that may be present in the data can easily be imagined to 218 

change with the day of the week.  Weekly changes in media coverage are possible, for 219 

instance.  Despite these possibilities, we report later in the paper that we see no signs of a 220 

weekly cycle in the less populated western half of the U.S. and no signs of a cycle during 221 

the spring season in the eastern half.  It is not easy to think of a plausible sociological 222 

bias that is present in the eastern half of the country but absent in the western half, or one 223 

that is absent in the spring and then appears in the summer.  We also find that the weekly 224 

cycle in tornado and hail activity seen in the eastern half of the U.S. agrees well with the 225 

weekly cycle seen in other indicators of severe storm activity such as lightning and extent 226 

of vertical development of the storm clouds (indicators that are not subject to the same 227 

concerns about weekly biases in the observational system). These same indicators show 228 

no significant weekly cycle in the western half of the U.S.  (Bell et al., 2008; 2009a and 229 

2009b). This suggests that whatever physical mechanisms are modulating severe storm 230 

activity in the east during the summer are also affecting tornado and hail activity.  The 231 

evidence we report here strongly suggests, we believe, that the weekly cycles in tornado 232 

and hail activity are real.  Attempts to explain them as simply the result of weekly shifts 233 

in coverage by the observational network require constructing a rather tortuous and 234 

contrived picture of societal behavior.  235 

   236 
In preparing the data for analysis, we edited a small fraction of the data entries based 237 

on the recommendations accompanying the data provided by the SPC and on the need to 238 

resolve various ambiguities.  Entries with missing state identifications were ignored.  239 
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Entries with either zero latitude or longitude locations were ignored.  Entries with 240 

negative Fujita scales were ignored (25 cases encountered).  Apparently misidentified 241 

time zones were corrected.  Multiple entries associated with a single tornado event were 242 

consolidated into one entry (not an issue in the hail dataset).  Tornados that crossed state 243 

boundaries were treated as two separate events, however.  Fifteen entries of hail sizes of 244 

0.25 and 0.5 inches in 2007 were pooled with the entries for 0.75 inches.  In total, fewer 245 

than 2% of the tornado dataset entries required editing.  A far smaller percentage of hail 246 

data entries required editing.  The number of tornado events for 1980–2009 in our edited 247 

dataset was approximately 33,000, while the number of hail events was approximately 248 

235,000.  249 

 250 
3. The data analysis 251 

 252 

In the following subsections we provide details about the assumptions and methods 253 

used in the statistical analysis of the tornado and hailstorm data. 254 

 255 
3.1. Statistical model of data under the null hypothesis 256 

 257 

Testing the data for the presence of a weekly cycle requires a description of the 258 

statistics of the data under the null hypothesis, which is that the frequency of tornados or 259 

hailstorms does not vary cyclically with the day of the week.  In modeling the statistics of 260 

hailstorms and tornado occurrences under the null hypothesis, we try to accommodate the 261 

known variations in statistics with the season and year.  Our goal is not to determine the 262 

“true” seasonal cycle or decadal trend but simply to produce something likely to be closer 263 

to the truth than ignoring the seasonal cycle or year-by-year trend altogether.   264 
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We used the average seasonal cycle over the years 1980–2009 to represent the 265 

modulation of the expected count with the seasons (i.e., with the day of the year).   266 

Though we used 15 years of data (1980–1994) prior to the period we are concentrating on 267 

(1995–2009), they were used only to help establish the background seasonal cycles and 268 

decadal-scale trends, and for the bootstrap statistical analysis described later.  The 269 

seasonal cycle estimated from 30 years of data is smoother than the cycle estimated using 270 

15 years (1995–2009), as would be expected, but is not substantially different.  We 271 

believe that using data prior to 1995–2009 to increase the stability of our estimate of the 272 

seasonal cycle increases the overall robustness of our statistics, but that if we had 273 

confined our averaging to the years 1995–2009 our conclusions would not be changed in 274 

any substantial way.   275 

We show in Figure 3 the average number of tornados reported east of longitude 276 

100W for each day of the year.  The averages for each day of the year in Figure 3, though 277 

based on 30 years of data, exhibit quite a lot of variability from day to day, almost 278 

certainly due to the sample size (30 samples, one for each year) in the daily averages.  279 

Note that averages for each day of the year include data from all days of the week (Sun 280 

through Sat).  Rather than trying to build a smoother, parameterized model for the 281 

seasonal cycle, we applied a kind of running average to the 365 daily averages (leap years 282 

treated as having 365 days).  The filter devised by Lee [1986] produced a satisfactory 283 

curve when we applied the filter twice with a window size of 11 days (on either side of 284 

the central value), as shown in Figure 3.  The Lee filter produces a smooth fit to the data 285 

but tries also to capture sudden jumps in the local mean. The climatological average 286 
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compares well to the average obtained by Brooks et al. [2003], though Brooks et al. 287 

[2003] report averages for a different region and time period. 288 

The annual counts for each year from 1980 to 2009 vary quite a bit from year to year 289 

(e.g., see Figure 2), possibly attributable to large-scale influences such as ENSO or to the 290 

unpredictable fluctuations in weather, but there appears to be a decadal trend in the 291 

counts as well.  Some of these trends might be explained by societal changes, such as 292 

increasing awareness of the danger of tornados, and in the methods of collecting the data, 293 

as discussed by Schaefer and Edwards [1999]. 294 

We found that the seasonal cycles of the different tornado strengths are fairly similar 295 

(although the small numbers of high-EF tornados make comparisons of averages 296 

difficult), when the seasonal cycle of counts for a particular EF values is normalized by 297 

the total number of storms at that EF value.  The seasonal cycles for different hail sizes 298 

are very similar.  We should note, however, that the similarity in the seasonal cycles is 299 

used very little in the analyses presented here. 300 

In order to test whether the tornado/hailstorm statistics differ significantly from what 301 

would be expected under the null hypothesis that there is no weekly cycle, we need a 302 

statistical model for the expected number of storms under the null hypothesis.  Since we 303 

only test data from portions of a year rather than for full years, we require a model that 304 

describes the variation in the expected number of storms as a function of the day of the 305 

year.  We assume that the expected number of tornado/hail events for a given day and 306 

season/year is proportional to the total number of storms for that season (thus capturing 307 

the interannual variability in Figure 2) and to the average number of storms for the given 308 

day of the year (as represented by the smooth curve in Figure 3).  If there is a weekly 309 
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cycle, we generally assume in our analyses that the cycle is described as a sinusoidal 310 

oscillation modulating the expected number given by our null-hypothesis model [this is 311 

made precise by Equations (2) and (3) below].  Another possible shape for the weekly 312 

modulation, a step function, is investigated later. 313 

To represent the expected number of tornados n0(y,j) in year y and day j for 314 

summertime tornados (June 1 – August 31, i.e., 152 ≤ j ≤ 243) under the null hypothesis, 315 

then, we assume that the number is proportional to the number of tornados that summer 316 

n(y) and to the seasonal cycle f(j) represented by the smooth curve in Figure 3.  Thus, 317 

 . (1) 318 

If n(y,j) is the actual number of observed storm occurrences in year y for day j, j = 1,…, 319 

365 (or 366 in a leap year), we define the ratio variable 320 

 , (2) 321 
 322 

which has an average very near 1 when averaged over all years of data, or when averaged 323 

over all j, by construction.  (Hailstorm statistics are similarly treated, using the 324 

climatology of hail based on the years 1980–2009.) 325 

3.2.  Statistical model of weekly cycle 326 
 327 

We determine whether there is a weekly cycle in the ratio variable r(y,j) by fitting 328 

the time-dependent data r(t) to a 7-day sinusoid 329 

  (3) 330 
 331 
with ω7 = 2π/(7 days), where r0 is the mean of the ratio variable, r7 is the amplitude of the 332 

cycle, and ϕ7  is the time during the week when the weekly cycle peaks.  The error in the 333 
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fit is denoted by ε(t).  The time t is measured in days starting from an arbitrary date (we 334 

used t = 0 on Tuesday, 1 January 1980). 335 

Statistical tests for the fit depend to some extent on an implicit assumption that the 336 

statistics of r(t) don’t change with the year or month.  Although this is difficult to check 337 

with a short time series, we have tried to do this using some tests that seem likely to 338 

expose such a variation if it exists.  We examined the variance of r(t) calculated from the 339 

daily values of r(t) over the 92 days of a single season, and plotted the variance versus the 340 

number of observed tornados for that season, and did not see signs of a change in the 341 

variance from those summers with relatively few tornados compared with those with 342 

many.  We also examined the variance of r(y,j) for each Julian day j, j = 1,…,365, over 343 

the thirty years of data y = 1980–2009.  When the variance is plotted versus the mean 344 

tornado count for a given day j, denoted above by f(j), we find that the variance declines 345 

with the tornado count approximately as f(j)–0.62.  Since f(j) itself only varies by 346 

approximately a factor of 3, this suggests that the variance of r(t) ranges only over about 347 

a factor of 2 in size.  Although we could adjust our statistical analysis to try to 348 

accommodate this possible variation, it would be at the cost of considerably more 349 

complexity in the analysis and very little gain in knowledge.  The bootstrap analysis 350 

method described later also tends to circumvent the assumption of homogeneity of the 351 

statistics of r(t), though not entirely. 352 

It is perhaps worth reminding the reader here that by fitting the data to a pure 353 

sinusoid (Equation 3) we are not assuming that this is in fact an exact description of the 354 

weekly cycle in the data.  A periodic signal with period 7 days can always be expressed 355 

as a sum of sinusoids with periods of 7 days and their higher harmonics.  The higher 356 
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harmonics tend to be noisier and harder to estimate from small amounts of data, and we 357 

have chosen not to examine them.  Because the sinusoid is fit using data from all days of 358 

the week, the sinusoid makes better use of the data (generating more robust statistics) 359 

than a search for a weekly cycle that uses only averages of data from single days of the 360 

week, a practice that is fairly common in searches for weekly cycles in data. It is easy to 361 

obtain averages for each day of the week and to estimate the uncertainty in the averages 362 

using standard statistical techniques.  (An example is shown in Figure 4, to be discussed 363 

later.)  However, unless one has an a priori hypothesis about which days of the week are 364 

likely to be anomalously high or low, the investigator must first examine the averages for 365 

each day of the week, and then decide which averages are representative of the weekly 366 

high and low values of a putative weekly cycle, and finally carry out an a posteriori 367 

statistical test to see if the difference of the selected pair of averages is “statistically 368 

significant.”  In effect one has examined 21 pairs of averages and chosen the pair most 369 

likely to have a statistically significant difference.  Carrying out such an a posteriori test 370 

is not completely straightforward, since the prior examination of 21 pairs of (probably 371 

correlated) averages must be included in the estimation of the statistical significance of 372 

the largest difference.  This type of approach generally has lower statistical power in 373 

detecting a weekly cycle than the test for a sinusoidal variation in the averages, which 374 

entails testing only a single parameter, the amplitude r7 of the cycle, to ascertain whether 375 

there is an anomalous cycle.  Hasselmann [1979] provides a thorough discussion of why 376 

multi-variable testing for anomalous averages has less statistical power than testing a 377 

single weighted average over all variables.  See also the discussion of multi-hypothesis 378 

testing by Wilks [2006]. 379 
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A still more powerful test for a weekly cycle might be done if the precise shape of 380 

the weekly cycle can be guessed.  For instance, one might imagine that the weekly cycle 381 

consists in a constant daily average for the weekend (Sat–Sun) and another constant 382 

average for the weekdays (Mon–Fri) (i.e., a step-function response), though it is far from 383 

obvious that such a response is likely to be an accurate description.  We have tried such a 384 

test, and the statistical significance of such a postulated cycle is similar in size to the 385 

significance we calculate for a sinusoidal weekly cycle (these results are reported later, in 386 

Section 4.1). 387 

 388 
3.3  Statistical tests for weekly cycle 389 
 390 
We write r7 cos[ω7(t – ϕ7)] = c7 cos(ω7t) + s7 sin(ω7t)  and use linear-least-squares fits to 391 

this expanded version of Eq. (3) for each of the n weeks of data to obtain the coefficients 392 

c7(i) and s7(i) for each week i of data, i = 1,…,n.  Each summer contains 13 weeks of 393 

data; for the 15 summers in 1995–2009, there are n = 15 × 13 = 195 weeks of data.  The 394 

variance of the coefficients c7(i)  and s7(i)  from week to week over the n weeks can be 395 

used to estimate the overall uncertainty σ7 in the amplitude r7, using σ7
2 = (variance[c7(i)] 396 

+ variance[s7(i)])/n, where we assume that the correlation of the coefficients from week 397 

to week is negligible and the number of samples (n weeks) for variance estimates is large 398 

enough that the coefficients c7 and s7 are approximately normally distributed.  (We tested 399 

the time correlations of the fitted amplitudes from week to week and found the 400 

correlations to be statistically consistent with the assumed correlation 0.)   As explained 401 

in more detail by Bell et al. (2008),  the ratio (r7/σ7)2 has a Fisher F distribution [e.g., 402 

Fraser, 1958, p. 202] with two degrees of freedom in the numerator and (2n–2) degrees 403 

of freedom in the denominator. The quantity r7/σ7 is a measure of the signal strength 404 
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(signal-to-noise ratio).  The significance level p of the amplitude r7, under the null 405 

hypothesis that there is no weekly cycle, can be fairly accurately estimated from this ratio 406 

as 407 

 , (4) 408 
 409 
as explained in much more detail by Bell et al. (2008).  The estimate (4) gives nearly the 410 

same result as the more complex Fisher F distribution.  Note that this means that the 411 

probability that r7 is larger than 1.73 σ7 is p = 0.05; in other words, for tests of the 412 

significance of r7 the threshold for significance is 1.73 σ7  instead of the familiar “two-413 

sigma” estimate 1.96 σ7 that the traditional normal distribution would suggest. 414 

Note that the coefficient r7 in Equation (3) is obtained by fitting all of the data, 415 

following the same procedure described above that was used for each week of data, and is 416 

related to the best-fit coefficients c7 and s7 by the formula r7
2 = c7

2 + s7
2.  The phase ϕ7 is 417 

obtained from [7/(2π)] tan–1(s7/ c7) measured in days.  Since t = 0 is a Tuesday in our 418 

scheme, the phase ϕ7 is measured relative to a Tuesday. 419 

Because of the normalization of the observed number n(y,j) by the expected number 420 

n0(y,j) in Eq. (2), the value of r0 in (3) obtained by the fitting procedure is typically very 421 

close to 1.  [It is not exactly 1 because the seasonal cycle f(j) is based on an average over 422 

all years (1980–2009) whereas our fits generally use only the years 1995–2009.] 423 

The statistical significance of the amplitude r7 is estimated both by the method 424 

described above and by a second method. The second method of estimating the statistical 425 

significance of the fitted amplitude r7 uses a bootstrap approach in which the original data 426 

are re-sampled in segments 11-days long in a way that destroys any 7-day periodicity in 427 

the original data. Segment sizes of 11 days are used based on the belief that the 428 
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correlation of weekly-cycle fits to the segments from one segment to the next is small.   429 

Where we have checked, it is indeed small.   For example, the week-to-week lagged 430 

correlations of the coefficients c7(i) and s7(i) calculated using the tornado data (east of 431 

100W) for the 30 summers of 1980–2009 are found to be Corr[c7, c7] = 0.046, Corr[s7, s7] 432 

= – 0.114, and Corr[c7, s7] = – 0.0077; for the hail data they are Corr[c7, c7] = 0.032, 433 

Corr[s7, s7] = – 0.014, and Corr[c7, s7] = – 0.0051.  Since there are about 390 weeks of 434 

data for this period, the 5% (2-sigma) significance threshold level for correlations is 435 

approximately 2/√390 = 0.10.  Only one of the six correlations passes this threshold, 436 

barely.  The hypothesis that the week-to-week correlations of the fits are zero can 437 

therefore not be rejected.  438 

To randomize with respect to the day of the week, segments are selected that are 439 

displaced from the original segment anywhere from 7 days before to 6 days after the 440 

original segment (i.e., whose starting point is chosen from within a 14-day window).  We 441 

choose segments from prior or future seasons up to 5 years away, instead of confining 442 

ourselves to data from the same year, to increase the number of replacement choices.   443 

Thus, for example, if the segment we are replacing starts on 10 August 2001, we may 444 

randomly select a segment from the original dataset beginning anywhere from August 3 445 

to August 16 and from any year from 1996 to 2006.   This tends to generate simulated 446 

datasets with statistics that change with the day of the year in the same way as the 447 

original dataset, as far as preserving the seasonality of the statistics and decadal trends, 448 

but having no real weekly cycles. Note that because we have access to years prior to 449 

1995, we may select random segments from years as early as 1990 when a segment from 450 

year 1995 is being replaced.  Note that because the statistics of the ratio variable r(y,j) 451 
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seem to be fairly constant from year to year (as discussed at the end of Section 3.2), we 452 

create simulated datasets starting with the original dataset for r(y,j) rather than of n(y,j) 453 

itself, thereby minimizing the impact of seasonal and interannual variability on the 454 

statistics of the simulated datasets. 455 

Synthesized datasets assembled from the 11-day segments are used to estimate 456 

values of r7 for each dataset, and the statistical significance of the value of r7 obtained 457 

from the original dataset is set at the fraction of synthesized datasets with r7 larger than 458 

that of the original value.  We found that the two methods produced comparable 459 

significance levels p (the probability that the value of r7 could equal or exceed its value 460 

under the null hypothesis r7 = 0). 461 

 462 

4. Analysis Results 463 

4.1.  Results for tornados east of 100W 464 

In accordance with the hypothesis that the impact of air pollution on invigorating severe 465 

storms would be greatest in a moist and warm atmosphere, we follow our previous 466 

geographic partitioning [Bell et al., 2008 and 2009a], and examine data for the summer 467 

months, June–August, and areas east of 100W for all latitudes within the USA (our 468 

earlier studies were constrained by the latitudinal coverage of the satellite data we used).  469 

The longitude of 100W separates the moist air mass to the east, where invigoration can be 470 

expected, from the dry air masses to the west, where cloud bases are too high and cold to 471 

be substantially invigorated by added aerosols. This is evident in the map of 472 

climatological mean dew point temperature for July, shown in Figure 1a.  473 

Hail and tornado data are available from 1950, but their quality has evolved over 474 

time. The completeness of the coverage has been improving, especially, we assume, for 475 
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the weaker and thus less noticeable events.  Based on the evidence in Figure 2, overall 476 

observational coverage of tornados seems to have stabilized since the mid 1990's, 477 

whereas coverage of hail appears to have grown continuously. We have focused our 478 

search on the period 1995-2009.  This choice is also motivated by the results of Bell et al. 479 

[2008], where clear signs were reported of a weekly cycle in satellite estimates of 480 

rainfall, in rain-gauge data, and in the induced modulation of the regional circulation 481 

patterns for the period 1998–2005, and where evidence that the weekly cycle seemed to 482 

weaken in earlier decades was found. 483 

A weekly cycle in the aerosol impacts on storms depends on the existence of a 484 

weekly cycle in anthropogenic aerosols.  Ideally one would examine long-term records of 485 

the concentration of cloud-condensation nuclei (CCN) near cloud base in order to 486 

establish the existence of weekly cycles in the aerosols that directly influence storm 487 

evolution.  Continuous monitoring of CCN concentrations over the geographical scales of 488 

interest is not yet available, unfortunately.  As an indicator of anthropogenic emission of 489 

aerosols, however, we have examined Environmental Protection Agency (EPA) datasets 490 

for surface-level concentrations of particulate matter with particle diameters greater than 491 

either 10 µm or 2.5 µm, respectively.  These data were recently analyzed by Bell et al. 492 

[2008].  A weekly cycle in both PM10 and PM2.5 is clearly to be seen in Figure 4. The 493 

figure shows the fractional anomalies (deviations from the mean divided by the site 494 

mean) observed at each site, averaged over all EPA sites.  The weekly cycles of hail and 495 

tornadic storms for the years 1995-2009, also shown in Figures 4 and 5, behave very 496 

similarly to the cycle in the aerosols, with a distinct minimum on weekends.  497 
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When fits to the weekly cycle shown in Figure 4 using sinusoids are tested for 498 

statistical significance, the p-values (probability of the truth of the null hypothesis that 499 

there is no weekly cycle) are small, especially for hailstorms (of which there are many 500 

more events than for tornados).  As mentioned above (see Section 3.2), one can carry out 501 

statistical tests for other functional shapes of the weekly-cycle response.  When we fit the 502 

data to a step function with one constant during the weekend and another during the work 503 

week, we found the statistical significance (p-values) of such a response shape to be 504 

similar to what we found for the sinusoid, even though the sinusoid includes an extra 505 

parameter, the phase of the cycle.  We found that a step function fits the tornado data 506 

with a p = 0.013 using a Student t-test and p = 0.015 from bootstrap estimation.  A step 507 

function fits the hail data with a p = 0.003 using a Student t-test and p = 0.0001 from 508 

bootstrap estimation.  (When p values get this low, estimates of p values can be very 509 

noisy.)  Both of these step-function fits used data from 1995–2009, JJA, for the area east 510 

of 100W.  Figure 6 shows plots of the weekly cycles and fits.  (The constant portions of 511 

the step-function fits are not perfectly flat because of the effect of converting r(t) to n(t) 512 

using Equation 2, since it is r(t) that is fit to the step-function but it is averages of n(t) that 513 

are plotted in the figure.) 514 

The temporal and spatial distribution of the weekly cycle matches the distribution of 515 

the warm, moist and unstable conditions in which aerosols have the strongest tendency to 516 

invigorate deep convective clouds [Rosenfeld et al., 2008]. During summer, the longitude 517 

of 100W coincides with the transition from the moist climate to the east of it to the hot 518 

and dry climate to the west, as shown in Figure 1a.  519 
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The moisture peaks in the months of June, July and August and reaches the northeast 520 

USA, but starts to retreat southward during late August and September. The aerosol 521 

invigoration effect on convective clouds can become apparent in moist atmospheres when 522 

synoptic forcing is less dominant. In cool base clouds (i.e, temperature of about 10°C or 523 

less) the effect diminishes [Rosenfeld et al., 2008]. This is in agreement with the spatial 524 

and temporal distribution of the weekly cycle, as depicted in Figure 7.  The figure shows 525 

the state of the weekly cycle over three latitudinal bands east of 100W as a function of 526 

the time of year.  Each arrow represents the statistics for a 2-month period from the years 527 

1995–2009.  The length of the arrow shows the amplitude of the weekly cycle r7 as a 528 

fraction of the mean r0.  The direction indicates the day of the week when the sinusoidal 529 

fit peaks.  The color indicates the significance level p of the fit, reflecting the signal-to-530 

noise ratio of the fit.   The figure shows that the transition from the synoptically forced 531 

storms in the spring, when moisture levels are also much lower (Figure 1b), to the more 532 

locally unstable storms that form in a moist unstable air mass in the summer is 533 

accompanied by an increase in the weekly cycle modulation tending to have a mid-week 534 

maximum. The return of the synoptic forcing and drier air in the early fall to the north 535 

part of the domain is similarly associated with a decrease of the weekly cycle there. Note 536 

that the weekly cycle of tornados only becomes established sometime in June, even 537 

though tornadic activity is reaching its peak well before then (See Figure 3). We believe 538 

that the consistency of these patterns of occurrence of the weekly cycle in time and space 539 

and the predictions of the hypothesis that the pollution aerosols are the cause of the 540 

observed weekly cycle in severe convective storms lends additional credence to our 541 

hypothesis. 542 
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The overall statistical significance of the weekly cycles of tornado and hail activity 543 

for the 15-year period 1995–2009 is quite high (see caption to Figure 4).  We can also 544 

examine the weekly cycle for individual summers based on sinusoidal fits to the data for 545 

each summer alone, though the results are noisy given that there are only 13 weeks in a 546 

summer.  The results of such an analysis were displayed in earlier papers as ``clock plots'' 547 

for rainfall [Bell et al., 2008] and for lightning [Bell et al., 2009a]: the phase and 548 

amplitude of sinusoidal fits were used to plot a point on a clock dial running from 549 

Saturday to Friday and with the distance of the plot point from the center of the plot 550 

proportional to the ``signal-to-noise ratio'' of the amplitude.  The ``noise'' σ7 is 551 

determined from the variance of weekly fits to the data.  The signal to noise ratio r7/σ7 is 552 

given (See Eq. 4) by [-log(p)]1/2, where p is the significance level of the amplitude r7, i.e., 553 

the probability that an amplitude this large could have occurred by chance, due to small-554 

sample effects, when there is in fact no weekly cycle present.   555 

Despite the small number of samples in each summer of data, it was found [Bell et 556 

al., 2009a] that the phases of the weekly cycles in lightning activity for summers between 557 

1998 and 2009 fell year after year in the non-weekend sectors of the clock plot.  This 558 

strongly suggests that the weekly cycle in the data has a period of exactly 7 days and is 559 

not an atmospheric wave with a period “in the neighborhood” of 7 days.  Because tornado 560 

and hail events are not nearly as numerous as lightning events, and the tornado/hail 561 

observational coverage not nearly as dense, we would expect the year-by-year clock plots 562 

of hail and tornado weekly cycles to be noisier than for lightning.  The clock plots for hail 563 

and tornados are shown in Figure 8.  They cover the years 1995–2009.  In order to 564 

maximize the weekly cycle signal, only data from the afternoons (1200–2400 local solar 565 
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time), when convective instability is highest, are used in these plots.  Though the phases 566 

do not avoid the weekend sectors as completely as the lightning weekly-cycle phases did, 567 

there is still a clear tendency for the weekly cycles of hailstorms and tornados to peak in 568 

the middle of the week.  When the phase falls on weekends, the signal-to-noise ratio is 569 

quite low, implying that the statistical uncertainty in the determination of the phase is 570 

large.  Note that the hail data contain about 7 times as many events as the tornado data 571 

and therefore have more stable statistics, and the phases are more consistent in avoiding 572 

the weekend sectors (Figure 8a).  573 

 574 

4.2.  Results for tornados west of 100W 575 

The average July dew point temperatures are smaller than 10°C at most of the area to 576 

the west of 100W (see Figure 1a). Therefore we do not expect to find evidence there of 577 

weekly storm invigoration. Even though there is a pronounced weekly cycle in aerosols 578 

measured by ground-based EPA stations west of 100W (Figure 9), no significant weekly 579 

cycle is apparent to the west of 100W (Figure 10).  580 

 581 

5. Discussion 582 
 583 

The results are in agreement with our previous reports of similar weekly cycles in the 584 

rainfall [Bell et al., 2008] and lightning [Bell et al., 2009a] over the USA. The cycle was 585 

ascribed there to aerosols invigorating deep convective clouds in a warm, moist 586 

atmosphere. It is therefore not too surprising to find that the invigorated clouds also 587 

produce more hail and tornados.  588 

We show in Figure 8 that the hail and tornado data are consistent with earlier results 589 

for rain and lightning in the SE U.S. in another respect: when the phase φ7 and signal 590 
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strength r7 for each summer of data for the years 1995–2009 are displayed on a “clock 591 

plot”, there is a clear tendency for the phases to avoid the weekend period, despite the 592 

fact that there are only 13 weeks of data in a single summer and estimates of the weekly 593 

cycle are quite noisy.  It is not surprising that the avoidance is not as clear as it was for 594 

the lightning data [Bell et al., 2009a], since lightning occurs far more frequently than 595 

hailstorms and tornados and the effective sample size for lightning is far larger.   596 

It is conceivable that the storm data could be affected by a weekly bias in the 597 

observations of storms.  However, it is shown in Figures 10a and 10b that no sign of a 598 

statistically significant weekly cycle in tornado or hail occurrence is visible in the data 599 

west of 100W.  If there is a weekly-varying bias in storm reports it would have to be 600 

present in the eastern half of the U.S. and absent in the western half to explain our results. 601 

Furthermore, the weekly cycle from March to May over the eastern USA (see Figure 7), 602 

is not statistically significant, and no longer points to a mid-week maximum. If anything, 603 

it is pointing more towards the weekend, but without any statistical significance. This is 604 

consistent with the diminution of the convective invigoration effect in cool base clouds, 605 

as hypothesized by Rosenfeld et al. [2008]. The lack of a clear weekly cycle in the spring 606 

along with its existence in the summer, plus the clear correspondence of the weekly cycle 607 

that we see in the summer storm data with the cycles observed in other variables with no 608 

possible weekly-varying observational bias such as lightning, cloud top heights and rain 609 

intensities, suggest that the weekly cycle in storms is a real one and not an artifact of the 610 

data collection methods. 611 

The weekly cycle that we see is firmly pegged to the work week.  It is not plausible 612 

that it is a reflection of a quasi-periodic 7-day cycle in atmospheric dynamics, whose 613 



  

 27 

phase would surely wander from year to year — something we do not see in any of the 614 

clock plots.  Kim et al. [2010] recently raised the possibility that the weekly cycle can 615 

occur due to natural random variability [Kim et al., 2010].  This might be the case for a 616 

weekly cycle that is found in general upper tropospheric synoptic features that have no 617 

clear hypothesis to the way that they might be linked to anthropogenic effects [Stinov, 618 

2010]. Weekly cycle in the instability or low level temperature being larger at the week 619 

days can potentially explain greater the activity of severe convective storms at that time.  620 

However, this is not likely to be the case here, based on the lack of evidence of a weekly 621 

cycle in the 850 hPa temperatures and in other synoptic properties that correlate with 622 

lightning activity that was presented in the supporting online materials of Bell et al. 623 

[2009a].  624 

An alternative explanation that might be considered is that the radiative effects of the 625 

aerosols absorbing and reflecting the solar radiation change the atmospheric stability. If 626 

anything, greater aerosol optical depth during mid-week days would reduce the surface 627 

heating and suppress convection, as was shown by Koren et al. (2004 and 2008) and by 628 

Rosenfeld et al. (2008). 629 

Previous reports of a weekly cycle of hail in Southern France [Dessens et al., 2001] 630 

did not show a change in hail frequency, but showed a larger kinetic energy of the 631 

hailstones on weekends. It was postulated that ice forming nuclei (IFN) emitted during 632 

the weekend from the local industry was creating larger number of ice hydrometeors and 633 

therefore decreasing the hailstone sizes due to greater competition on the available 634 

supercooled water. There is no information whether IFN have a weekly cycle in the 635 

eastern USA. 636 



  

 28 

 This study has shown a clear correspondence between the weekly cycle of 637 

anthropogenic aerosols and the occurrences of severe convective storms, which is highly 638 

unlikely to be a result of natural variability. The observed associations cannot serve as 639 

proof for causality. However, the results are consistent with the hypothesis that air 640 

pollution aerosols invigorate deep convective clouds in moist and unstable atmosphere, 641 

and the possibility that they can even induce the storms to produce large hail and 642 

tornados. This is also consistent with the hypothesis that the severe storms are better 643 

organized and violent because aerosols increase the hydrometeor size, decreasing their 644 

evaporation and so weakening the negative buoyancy of the downdrafts, thereby 645 

preventing the gust front from outrunning and undercutting the updraft in the feeder 646 

clouds. .  Anthropogenic emissions have caused large enhancements of aerosol loads 647 

even over the remote continents, with typical enhancements of 50–300% over remote 648 

regions of Asia, North America, and South America (Wilson et al., 2001; Chin et al., 649 

2004; Park et al., 2006; Stier et al., 2006). Regarding this increase, it is worth pointing 650 

out that if a roughly 10% weekly variation in pollution levels is resulting in a similar 651 

change in severe storm activity, then the “background” aerosol level, which is elevated 652 

with respect to the pre-industrial level even during weekends, is also likely to be 653 

changing the storm frequency that we experience today. 654 
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 849 
 850 
Figure 1: Mean dew point temperature for July (top) and April (bottom). From NOAA 851 
Climatic Data Center. 852 
 853 
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 FIGURES 855 

 856 

Figure 2.  Number of tornado and hailstorm events each summer (Jun–Aug) for 1980–857 
2009.  Graphs are shown for tornados classified as F0 and as F2 in strength, and for 858 
hailstorms with reported hail diameters of 0.75 inches, and between 1 and 1.75 inches 859 
(exclusive).  (Because hail diameters are generally given in 0.25-inch increments, this bin 860 
includes mostly hail diameters of 1.25 and 1.5 inches.) 861 
 862 
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 863 
 864 
Figure 3: Average number of tornados per day (jagged black curve), all strengths, for 865 
years 1980–2009.  Smooth red curve shows fit to data using Lee filter, as described in the 866 
text, and was used by us as the expected tornado count for days of the year.  It is denoted 867 
by f(j) in the text. 868 
 869 
 870 

871 
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 871 
 872 

Figure 4: Weekly cycle of the aerosols (PM2.5 and PM10), as measured by the EPA over 873 

the USA during JJA of 1998-2005 east of 100W within the continental USA, along with 874 

the associated weekly cycle of the SPC-reported hailstorms and tornados over the same 875 

area averaged over JJA for 1995–2009.  The value shown for each day of the week, for 876 

tornado and hail, is a straightforward average of the recorded occurrences for that day of 877 

the week, expressed as a fractional anomaly (the deviation of the average from the 7-day 878 

mean divided by the mean).   The values shown for PM data are averages over all sites of 879 

the fractional anomalies computed at each EPA site for which there are data.  The 880 

significance levels p for the weekly cycle of tornados are p = 0.011 (F-test) and p = 0.033 881 

(bootstrap test).  The significance levels for the hail data are p = 0.00013 (F-test) and p = 882 

0.0008 (bootstrap tests with 104 simulated datasets). The error bars for the hail are shown 883 

only as short horizontal blue lines.  The plots repeat the first 7 days in order to better 884 

display the nature of the weekly variations.885 
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 886 

Figure 5a.  Daily averages for hail occurrences of various strengths (hail diameters) are 887 

shown, using data for hailstorms east of 100W within the continental USA for June–888 

August, 1995–2009. Smooth curves are sinusoidal fits to data. 889 

 890 

 891 
Figure. 5b.  Daily averages for tornado occurrences of various strengths (F values) are 892 

shown, using data for tornados east of 100W within the continental USA for June–893 

August, 1995–2009. Smooth curves are sinusoidal fits to data. 894 

895 
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 895 
 896 

Figure. 6.  Day-of-the-week averages for tornado and hailstorm occurrences of all 897 

strengths, with step-function (dotted curve) and sinusoidal (dashed curve) fits 898 

superimposed.  Error bars are estimated standard errors of averages (i.e., “1-sigma 899 

errors”).  All events east of 100W within the continental USA are counted, using June–900 

August, 1995–2009 data.  Significance levels for fits are given in the text. 901 

 902 

903 
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 903 

 904 

 905 

Figure 7: The dependence of the phase of the weekly cycle in hail (a) and tornadic (b) 906 

storms on the time of year and geographical latitude (for all storms east of 100W within 907 

the continental USA). Each arrow represents averages of the two months to either side of 908 

its location.  The latitudes contributing to each row of statistics are shown to the left of 909 

the figure.  The arrow points to the day of the week when the sinusoidal fit is a 910 

maximum, and the length indicates the weekly amplitude as a fraction of the bimonthly 911 

mean, according to the key at the bottom left of the figures. The radius of the outermost 912 
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circle in the key represents a fractional anomaly of 0.15.  The arrows are colored 913 

according to their significance level, with the color bar below indicating the significance 914 

level assigned to each color.  915 

916 
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 916 

 917 

Figure 8: The phase (day of the week) and amplitude of the weekly cycle (Eq. 3) of data 918 

for each summer for the years 1995–2009.  The amplitude is represented by the distance 919 

from the origin and is proportional to the signal-to-noise ratio of the amplitude, r7/σ7.  920 

The last two digits of the year are shown in the colored balloons.  The probability p that 921 
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the amplitude of the weekly cycle could exceed a given radius, under the null hypothesis 922 

r7 = 0, is shown by the circles labeled by the corresponding value of p.  (a) Hail data.  (b) 923 

Tornado data. 924 

 925 

 926 
 927 

 928 

Figure 9. Weekly cycle of the aerosol concentrations (PM2.5 and PM10), as measured by 929 

the EPA over the USA during JJA of 1998–2005 to the west of 100W within the 930 

continental USA.  Daily averages are expressed as fractional anomalies relative to the 931 

overall means. 932 

 933 

 934 
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 935 
Figure 10a. Daily averages for hailstorm occurrences of various strengths (hail diameters) 936 

are shown, using data for hailstorms west of 100W within the continental USA in JJA 937 

and for 1995–2009.  Smooth curves are sinusoidal fits to data. The weekly cycles are not 938 

statistically significant. 939 

 940 
Figure 10b. Daily averages for tornado occurrences of various strengths (EF values) are 941 

shown, using data for tornados west of 100W within the continental USA in JJA and for 942 
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1995–2009.  Smooth curves are sinusoidal fits to data. The weekly cycles are not 943 

statistically significant. 944 

  945 


