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More tornadoes in the most extreme U.S. tornado
outbreaks
Michael K. Tippett,1,2* Chiara Lepore,3 Joel E. Cohen4,5,6

Tornadoes and severe thunderstorms kill people and damage property every year. Estimated U.S. insured
losses due to severe thunderstorms in the first half of 2016 were 8.5 billion USD. The largest U.S. impacts
of tornadoes result from tornado outbreaks, which are sequences of tornadoes that occur in close
succession. Here, using extreme value analysis, we find that the frequency of U.S. outbreaks with many
tornadoes is increasing and is increasing faster for more extreme outbreaks. We model this behavior by
extreme value distributions with parameters that are linear functions of time or of some indicators of
multidecadal climatic variability. Extreme meteorological environments associated with severe
thunderstorms show consistent upward trends, but the trends do not resemble those currently expected
to result from global warming.
In the United States, tornado outbreaks have the largest
impacts on human lives and property. Tornado outbreaks
are sequences of six or more tornadoes rated F1 and greater
on the Fujita scale, or rated EF1 and greater on the Enhanced Fujita scale, that occur in close succession (1, 2). 79%
of tornado fatalities during the period 1972–2010 occurred
in outbreaks (1), and 49 people died in U.S. tornado outbreaks in 2015. No significant trends have been found in
either the annual number of reliably reported tornadoes (3)
or of outbreaks (1). However, recent studies indicate increased variability in large normalized economic and insured losses from U.S. thunderstorms (4), increases in the
annual number of days on which many tornadoes occur (3,
5) and increases in the annual mean and variance of the
number of tornadoes per outbreak (6). Here, using extreme
value analysis, we find the frequency of U.S. outbreaks with
many tornadoes is increasing, and is increasing faster for
more extreme outbreaks. We model this behavior by extreme value distributions with parameters that are linear
functions of time or of some indicators of multidecadal climatic variability. Extreme meteorological environments associated with severe thunderstorms show consistent upward
trends, but the trends do not resemble those currently expected to result from global warming.
Linear trends in the percentiles of the number of tornadoes per outbreak (Fig. 1a) are positive, statistically significant and increase exponentially faster with percentile
probability (Fig. 1b). This behavior is consistent with the
positive trends in mean and variance (6) which suggested
that the distribution of the number of tornadoes per out-
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break is shifting to the right (increasing mean) and that
higher percentiles of the distribution are shifting faster than
the mean (increasing variance). The increase of percentile
trends with percentile probability is consistent with trends
in the frequency of tornado days with many tornadoes increasing with threshold (5).
Nonstationary generalized extreme value (GEV) distributions with trends in their parameters do not reproduce the
observed upward trend in the slopes of percentiles as a
function of percentile probability (Supplementary Materials
and fig. S1). Therefore we use the Generalized Pareto (GP)
approach with a threshold of 12 E/F1+ tornadoes [(2) and
fig. S2)]. We refer to outbreaks with 12 or more E/F1+ tornadoes as “extreme outbreaks” (2). There were 435 extreme
outbreaks 1965-2015, no statistically significant trends in the
annual number of extreme outbreaks (P = 0.66) (Fig. 2a),
and no statistically significant autocorrelation in the numbers of tornadoes per extreme outbreak (fig. S2c). The GP
distributions found here have shape parameter around 0.3
(finite mean and variance) and are lighter-tailed distributions than was found considering tornadoes per day (rather
than outbreaks) and a threshold of one (Pareto shape parameter of 0.61, infinite mean and variance) (7).
The percentiles of the number of tornadoes per extreme
outbreak (Fig. 2b) also have upward trends that are statistically significant (above the 30th percentile) and depend approximately exponentially on the percentile probability (Fig.
2c). Allowing a trend as a function of time in the GP threshold u would give percentile trends (slopes) that are the same
for all percentiles, contrary to observation. Permitting a lin-
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> 1 J kg−1 (not shown). On the other hand, there are statistically significant upward trends in the percentiles of SRH
conditional on extreme environments (Fig. 3b), and these
trends are the source of the trends in the percentiles of the
outbreak number proxy (Fig. 3c). The linear growth rates
(slopes) of the proxy for the number of tornadoes per extreme outbreak are approximately exponential in the percentile probabilities, like those for the number of tornadoes
in extreme outbreaks, and have roughly the same range of
values. Percentiles of environments (not extreme) conditional on the environmental occurrence proxy show the
same qualitative behavior (fig. S5). Therefore we cannot at
present associate previously identified features of a warmer
climate with the observed changes in our environmental
proxy, and by extension, with the changes in tornado outbreak statistics.
The observed trends in the statistics of outbreaks and extreme environments may be related to low-frequency climate variability other than climate change. Multidecadal
variability in U.S. tornado activity has been compared with
sea-surface-temperature (SST)-forced variability (16). We
explore the connection between multidecadal climate signals and outbreak statistics using a nonstationary GP distribution whose scale parameter is a linear function of the
climate signal rather than time.
The Atlantic Multidecadal Oscillation (AMO) (17) affects
North American climate, is characterized by variations in
North Atlantic SST and can be explained as an oceanic response to mid-latitude atmospheric forcing (18). The AMO
shows multidecadal variability, increasing from about 1970
though the mid-2000s (fig. S4a). The GP distribution whose
scale parameter is a linear function of the AMO index fits
the data significantly better than the stationary GP distribution, but not better than a linear time trend (Table 1).
Another important pattern of climate variability is the
Pacific Decadal Oscillation (PDO) (19) (fig. S4b). The GP
distribution whose scale parameter is a linear function of
the PDO index does not fit the data significantly better than
the stationary GP distribution (Table 1).
Contiguous U.S. (CONUS) annual average temperature is
increasing and that change has prompted investigations of
changes in the U.S. tornado climatology (20). Taking the GP
scale parameter to depend linearly on CONUS temperature
gives a significantly better fit to the data than does the stationary GP distribution, but not a better fit than the GP distribution with a scale parameter that depends linearly on
either time or the AMO index (Table 1).
Many changes in U.S. tornado report statistics have been
ascribed to changes in reporting practices, technology and
other nonmeteorological factors (8). However, recent findings point to increases in the number of tornadoes per
event, whether events are defined as days when tornadoes
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ear trend as a function of time in the scale σ improves the
fit to the data statistically significantly. According to this
model, the scale parameter and the percentiles increase linearly with time (Table 1), and higher percentiles increase
faster. The standardized quantile-quantile plot in fig. S3
shows fairly good agreement between the data and the GP
distribution with a linear trend in its scale parameter as a
function of time. Data quantiles exceed those of the model
at high percentiles (standardized model quantile values of 34 in fig. S3), meaning that the model predicts outbreaks
with many tornadoes would occur more often than is observed. The difference between model and data quantiles
falls within the range expected from sampling variability
(fig. S3). We cannot reject the model on this basis.
The slopes of the percentiles of the GP distribution with
a linear trend in its scale parameter are approximately exponential in the percentile probability and match well those
estimated by quantile regression (Fig. 2c). The trends from
quantile regression and from the nonstationary GP distribution deviate from exponential dependence on the percentile
probability near the endpoints of 0% and 100% probability.
Adding a trend to the scale parameter ξ results in a marginally statistically significant (P = 0.04) (Table 1) upward
trend that is statistically insignificant when the largest value
(in 2011) is withheld (P = 0.1) (table S2). The scale trends
change little when the outbreak value from 2011 is withheld
(table S2). Return levels for 2, 5 and 25-year return periods
are shown in Fig. 2d along with 90% bootstrap confidence
intervals (5000 bootstrap samples with bias correction and
acceleration). The estimated number of tornadoes in the 5year most extreme outbreak roughly doubles from 40 in
1965 to nearly 80 in 2015.
The outbreak trends in the tornado report database may
reflect changes in reporting rather than real properties of
tornadoes (8). The environments associated with tornadoes
and severe thunderstorms provide valuable evidence that is
independent of report data for assessing the variability of
severe convective storms (4, 9–13). We use a two-part environmental proxy for the number of tornadoes per outbreak
(2, 6). Here we define extreme environments as those with
values of the outbreak proxy greater than 12, matching the
extreme outbreak definition. The proxy is computed using
reanalysis data (2) and depends on two factors, convective
available potential energy (CAPE) and a measure of vertical
wind shear, storm relative helicity (SRH). Modeling studies
project that CAPE will increase in future warmer climates
(14, 15), and Ref. 5 hypothesized that climate change and
increases in CAPE could already be leading to more active
areas of severe convection on days with tornadoes.
However, we find no statistically significant trends in the
percentiles of CAPE conditional on extreme environments
(Fig. 3a) nor in the percentiles of CAPE conditional on CAPE
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occur (3, 5) or as tornado outbreaks (6). Here we found statistically significant upward trends in the higher percentiles
of the number of tornadoes per outbreak. We modeled these
trends using extreme value distributions with a time-varying
scale parameter. Similar behavior in an environmental
proxy suggested that the behavior of the tornado reports is
not due simply to changes in reporting practice or technology.
Climate change has been proposed as contributing to
changes in tornado statistics (5, 20). Climate model projections indicate that CAPE, one of the factors in our environmental proxy, will increase in a warmer climate leading to
more frequent environments favorable to severe thunderstorms in the U.S. (14, 15). However, the proxy trends here
are not due to increasing CAPE but instead due to trends in
storm relative helicity, a quantity related to vertical wind
shear which was previously identified as a factor in increased year-to-year variability of U.S. tornado numbers (11).
Therefore we cannot at present associate the observed
changes in our environmental proxy, and by extension the
changes in tornado outbreak statistics, with previously identified features of a warmer climate. This conclusion is, of
course, subject to revision by the discovery of other implications of a warmer climate for severe thunderstorm environments.
The question of which climatic factors have driven the
observed changes in tornado activity has important implications for the future. If global warming is changing tornado
activity, then we might expect to see either continued increases in the number of tornadoes per outbreak or at least
no return to earlier levels. On the other hand, if multidecadal variability, anthropogenic or natural, is responsible,
then a return toward earlier levels might be possible in the
future. Further clouding the future, many of the outbreak
measures (annual maximum and higher percentiles of the
number of tornadoes per outbreak) reached their lowest
values in more than a decade in 2015. As a final caveat, inferring tornadic actively solely from the environment has
considerable uncertainty even in the current climate and at
least as much in projected climates (21).
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Fig. 1. Numbers of tornadoes per outbreak. (a) Annual 20th, 40th, 60th and
80th percentiles of the number of E/F1+ tornadoes per outbreak (6 or more
E/F1+ tornadoes), 1954-2015 (solid lines), and quantile regression fits to 19652015 assuming linear growth in time (dashed lines). (b) Linear growth rates as a
function of percentile probability. Error bars are 95% bootstrap confidence
intervals and indicate linear trends that are statistically significantly different
from zero.

First release: 1 December 2016

www.sciencemag.org

(Page numbers not final at time of first release)

5

Downloaded from http://science.sciencemag.org/ on December 4, 2016

Fig. 2. Extreme outbreaks. (a) Annual number of extreme outbreaks (12 or
more E/F1+ tornadoes). (b) Annual 20th, 40th, 60th and 80th percentiles of
the number of E/F1+ tornadoes per extreme outbreak 1965-2015 (jagged
solid lines) along with quantile regression lines (dashed lines) and
percentiles of the GP distribution with a linear trend in the scale parameter
(solid lines). (c) Quantile regression linear growth rates (slopes) along with
95% confidence intervals (blue) and corresponding growth rates of a GP
distribution with linear trend in the scale parameter as functions of
percentile probability (solid red line). (d) Annual maxima (black line) along
with GP return levels as functions of year for return periods of 2, 5, and 25
years (solid colored lines), and 90% bootstrap confidence intervals (dashed
lines).
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Fig. 3. Extreme environments. Percentiles of (a) CAPE and (b) SRH
conditional on the proxy for the number of E/F1+ tornadoes per outbreak
(see Methods for definition) exceeding 12. (c) Percentiles of the proxy for
the number of tornadoes per extreme outbreak. (d) Linear growth rate
(ordinary least squares estimates of slope and 95% confidence intervals)
of the extreme outbreak proxy percentiles as a function of percentile.
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−
−

𝜎� = 𝜎
�0 + 𝜎�1 𝑡 (NLL=1440)
LR p-value =2x10-5
Maximum likelihood estimates
Standard error estimates

4.73
0.736

0.12
0.029

0.26
0.062

𝜉 = 𝜉0 + 𝜉1 𝑡 (NLL=1447)
LR p-value = 0.04
Maximum likelihood estimates
Standard error estimates

−
−

7.48
0.61

0.0066
0.088

−
0.0031

𝜎� = 𝜎
�0 + 𝜎�1 × AMO (NLL=1442)
LR p-value = 2x10-4
Maximum likelihood estimates
Standard error estimates

-0.13
−

8.18
0.6531

8.48
2.2009

0.28
0.0626

𝜎� = 𝜎
�0 + 𝜎�1 × PDO (NLL=1449)
LR p-value = 0.3
Maximum likelihood estimates
Standard error estimates

−
−

7.71
0.63

-0.52
0.54

0.29
0.067

𝜎� = 𝜎
�0 + 𝜎�1 × CONUS temperature (NLL=1444)
LR p-value = 0.001
Maximum likelihood estimates
Standard error estimates

−
−

8.31
0.70

1.62
0.52

0.28
0.065

−
−

Table 1. Generalized Pareto distribution parameters. Distributions are fitted to the number of
E/F1+ tornadoes per outbreak for outbreaks with 12 or more E/F1+ tornadoes. The negative log
likelihood (NLL), maximum likelihood estimates and their standard errors are indicated for each
model. The likelihood ratio (LR) test p-value compares non-stationary models with the stationary
distribution.
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Materials and Methods
Tornado data
U.S. tornado report data come from NOAA’s Storm Prediction Center (22). We
consider only reports of tornadoes within the contiguous United States (CONUS) rated
F1 and greater on the Fujita scale, or rated EF1 and greater on the Enhanced Fujita scale,
and denoted here as E/F1+ tornadoes. There are no significant trends or apparent
discontinuities in the annual number of tornadoes rated F1 or EF1 and greater (3). We
make no further distinctions according to rating. Tornado start times are sorted in
chronological order (accounting for time zone), and clusters of tornado reports are
formed consisting of those tornadoes whose start time is no more than 6h after that of the
previous tornado. Clusters with 6 or more E/F1+ tornadoes are defined as outbreaks (1).
We define extreme outbreaks as outbreaks with 12 or more E/F1+ tornadoes. The tornado
reports begin in 1950, but have known problems of quality prior to 1954 (8), and most of
the analysis here is restricted to the 51-yr period 1965-2015.
Environmental data
Daily averages of 0-180 hPa convective available potential energy (CAPE) and 03km storm relative helicity (SRH) interpolated to a 1◦ × 1◦ lat-lon grid are taken from the
North American Regional Reanalysis (23) for the period 1979-2015. We use a two-part
(occurrence and number of tornadoes) environmental proxy for outbreaks (5). The
environmental proxy for occurrence is that the daily value of the product of CAPE and 03km SRH exceeds 160,000 m2 s−2 J kg−1. The environmental proxy for number of
tornadoes conditional on the environmental occurrence proxy is CAPE × SRH2/(3.6 × 106
m4 s−4 J kg−1), a unitless quantity normalized to match approximately the average number
of outbreaks per year. We define extreme environments as ones where the environmental
proxy for number of tornadoes exceeds 12, though the main results are not sensitive to
this choice.
Climate indices
Annual averages are computed from monthly values of the Pacific Decadal
Oscillation (PDO) and the Atlantic Multidecadal Oscillation (AMO; unsmoothed) indices
taken from NOAA’s Earth System Research Laboratory (24). The CONUS annual
average temperature anomaly (based on the nClimDiv dataset) comes from NOAA’s
National Centers for Environmental Information (25).
Quantile regression
The median minimizes the sum of the absolute value of differences between itself
and the data, while the mean minimizes the sum of the squares of differences between
itself and the data. Analogously, quantile regression estimates conditional percentiles by
minimizing weighted absolute residuals rather than squared residuals (26). Quantile
regression uses the data from all years, in contrast to the alternative procedure of fitting a
linear trend to percentiles computed separately for each year, though the results from the
two approaches should be similar given sufficient data (27). Since the numbers of
tornadoes per outbreak are integers, the quantile regression loss function being minimized
2

is discontinuous, and uniformly distributed random “jitter” on the interval [−0.5, 0.5] are
added to smooth the data (28). Bootstrap confidence intervals (with bias correction and
acceleration) for the quantile regression coefficients are computed from 5000 bootstrap
samples. Independent jitter samples are used for each bootstrap sample.
Extreme value analysis: Annual maxima
Extreme value theory indicates that the generalized extreme value (GEV)
distribution is asymptotically appropriate for modeling block maxima (29). Here we use
the GEV distribution to approximate the distribution of the annual maxima of the number
of tornadoes per outbreak. The location µ, scale σ and shape ξ parameters of the GEV
distribution are found by maximum likelihood (ML) estimation, and approximate
standard errors and confidence intervals follow from the asymptotic normality of the ML
!
estimates. The return level zp of the GEV distribution for return time is
"

𝑧" = 𝜇 −

(
)

,)

1 − 𝑦"

,

𝜉 ≠ 0,

(1)

where yp = − log (1 − p). Equivalently, zp is the 100(1 − p)-th percentile of the
distribution of annual maxima. We introduce nonstationarity in the GEV distribution by
allowing its parameters to be functions of the year t. For instance, we allow the location
parameter to have linear trend in time by taking
µ = µ2 + µ! 𝑡.
Again we estimate the constants µ0 and µ1 by ML. Approximate standard errors and
confidence intervals follow from the asymptotic normality of the ML estimates. The
model with no trend (µ1 = 0) is a special case of the general model. A likelihood ratio
(LR) test can be used to decide if the improvement in fit from having a nonzero trend
parameter is statistically significant.
Annual maxima of the number of tornadoes per outbreak
The annual maxima of tornadoes per outbreak in 1974 and 2011 are at the edge and
outside, respectively, of the 95% confidence intervals for the return levels of a GEV
distribution fitted to outbreak data 1965-2015 (Fig. S1a). The annual maximum for 2011
has an estimated return period of several hundred years. The shape parameter is positive
and less than 0.5 indicating unbounded heavy tails, but finite mean and variance.
Including a trend in the GEV location parameter µ improves the fit to the data and the
improvement is statistically significant according to the likelihood ratio test. Estimated
GEV parameters, their standard errors and the results of the likelihood ratio test comparing stationary and nonstationary distributions are given in Table S1. However, a trend
in the location parameter results in a nonstationary distribution with percentile trends that
are independent of percentile probability, or equivalently, with return levels that have the
same trends for all return periods (see Eq. S1 and Fig. S1b). This behavior is not
consistent with that of the data in Fig. 1.
Allowing a linear trend in the scale parameter σ gives percentile trends that depend
on percentile probability, but the estimate of the trend in the scale parameter is negative
3

with 95% confidence intervals that include zero (Table S1), and the improvement in fit is
not statistically significant by the likelihood ratio test. A negative trend in the scale
parameter means that return levels decrease with time (Fig. S1c), which is not realistic.
Allowing a linear trend in the shape parameter ξ gives percentile trends that increase with
percentile probability (Fig. S1d), but the 95% confidence interval of the trend estimate
includes zero (Table S1), and the improvement in fit is not statistically significant by the
likelihood ratio test. Including trends in either the scale or the shape parameters, in
addition to the trend in the location parameter, neither improves the overall performance
nor is the improvement statistically significant according to the likelihood ratio test (not
shown). We conclude that none of these GEV distributions adequately describes the data.
Extreme value analysis: Peaks over threshold
The “peaks over threshold” (POT) approach is an alternative to the analysis of block
maxima. It considers exceedances over some large threshold, here outbreaks with more
tornadoes than some specified value. An advantage of the POT method is that more data
enter the analysis than in the analysis of annual maxima. Asymptotic theory says that for
a large enough threshold u, the generalized Pareto (GP) distribution approximates the
distribution of exceedances (Y − u) conditional on Y > u (29). The GP distribution
parameters are the threshold u, a scale parameter 𝜎 and a shape parameter ξ. These
parameters are related (at least asymptotically) to those of the GEV distribution because
the shape parameters ξ are the same and the scale parameters are related by 𝜎 = 𝜎 +
𝜉(𝑢 − 𝜇). For the GP, the N-year return level zN is
𝑧: = 𝑢 +

(
)

[ 𝑁𝑛>

,)

− 1] ,

where 𝑛> is the average number of exceedances per year. Linear trends in the GP
parameters (as functions of time or climatic indices) are introduced and estimated as for
the GEV distribution. The analysis of peaks over threshold requires choosing a threshold
that is large enough that the asymptotic theory applies and small enough that sufficient
data remain for estimation. We consider integer thresholds and make a so-called
continuity correction by adding 0.5 to the observed number of tornadoes per outbreak.
The results are similar if random numbers uniformly distributed on the interval zero to
one are added. The GP estimated scale (reparameterized as 𝜎 ∗ = 𝜎 − 𝜉𝑢 so that it is not
intrinsically a function of threshold) and shape parameter 𝜉 are shown as functions of the
threshold in Figs. S2a and b, respectively. For thresholds ≥ 8, both quantities show little
variation relative to their uncertainty. Overall, point estimates of the shape parameter
decrease as the threshold increases. For thresholds in the range of 8-12, the GP shape
parameter is around 0.3 and consistent with the GEV estimated shape parameter. None of
the main results is particularly sensitive to this choice. Thresholds ≥ 8 give similar
results.
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Fig. S1.
GEV return levels. Number of tornadoes per outbreak for a GEV distribution with (a)
constant parameters (the circles show the observed annual maximum number of
tornadoes per outbreak, one circle per year), (b) a linear trend in the location parameter,
(c) a linear trend in the scale parameter and (d) a linear trend in the shape parameter. The
dashed lines in (a) are 95% confidence intervals for the return level estimated by the delta
method.

5

(b)

0.4

8

●
●

●

●

●

●

10

12

●

●

●

●

●
●

●

●
●

0.2

●

0.3

6

●

●

●

Shape

●
●

4

●

2

●

●

●

0.1

Reparameterized scale

10

(a)

●

4

6

8

14

Threshold (tornadoes/outbreak)

4

6

8

10

12

14

Threshold (tornadoes/outbreak)

Threshold=12

0.4
0.0

0.2

ACF

0.6

0.8

1.0

(c)

0

5

10

15

20

25

Lag

Fig. S2
Threshold selection. (a) Reparameterized scale and (b) shape parameters of the
generalized Pareto distribution fitted to the number of tornadoes per outbreak as a
function of threshold. Vertical lines indicate 95% confidence intervals; open circles
indicate medians of bootstrap estimates. (c) The autocorrelation function for the number
of tornadoes per extreme outbreak (outbreaks with 12 or more E/F1+ tornadoes) as a
function of the lag between extreme outbreaks measured in number of extreme outbreaks,
not in chronological time. Dashed lines indicate the 95% significance level.
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Indices of multidecadal climatic variability. Annual time series 1965-2015 of (a) the
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Environments. Percentiles of (a) CAPE and (b) SRH conditional on the environmental
occurrence proxy (see Methods for definition). (c) Percentiles of the proxy for the
number of tornadoes per outbreak. (d) Linear growth rate (ordinary least squares
estimates of slope and 95% confidence intervals) of the proxy for the number of
tornadoes per outbreak as a function of percentile. The 95% confidence interval of the
20th percentile linear growth rate includes zero and is omitted.
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Table S1.
Generalized Extreme Value distribution parameters. Parameters are estimated from
the annual maxima of the number of tornadoes per outbreak 1965-2015. For each model
the negative log likelihood (NLL) is indicated. The likelihood ratio (LR) test p-value is
shown for models with trends, comparing that model to the stationary GEV distribution.
𝜇2

𝜇!

𝜎2

𝜎!

𝜉2

𝜉!

Stationary (NLL=221)
Maximum likelihood estimates
Standard error estimates

34.44
2.23

−
−

14.12
1.74

−
−

0.19
0.11

−
−

𝜇 = 𝜇2 + 𝜇! 𝑡 (NLL=217)
LR p-value=0.004
Maximum likelihood estimates
Standard error estimates

26.13
3.24

0.33
0.10

12.66
1.60

−
−

0.23
0.11

−
−

𝜎 = 𝜎2 + 𝜎! 𝑡 (NLL=220)
LR p-value=0.2
Maximum likelihood estimates
Standard error estimates

35.81
2.27

−
−

18.23
3.57

-0.16
0.10

0.23
0.12

−
−

𝜉 = 𝜉2 + 𝜉! 𝑡 (NLL=221)
LR p-value=0.6
Maximum likelihood estimates
Standard error estimates

34.75
2.30

−
−

13.98
1.74

−
−

0.095 0.0034
0.18 0.0061
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Table S2.
Outlier sensitivity. As in Table 1 but withholding the maximum value in 2011.
Stationary (NLL=1449)
Maximum likelihood estimates
Standard error estimates

𝜎2

𝜎!

𝜉2

𝜉!

7.83
0.65

−
−

0.26
0.068

−
−

𝜎 = 𝜎2 + 𝜎! 𝑡 (NLL=1440)
LR p-value =2x10-5
Maximum likelihood estimates
Standard error estimates

4.95
0.764

0.12
0.02

0.23
0.062

−
−

𝜉 = 𝜉2 + 𝜉! 𝑡 (NLL=1447)
LR p-value = 0.04
Maximum likelihood estimates
Standard error estimates

7.62
0.63

−

0.14
0.089

0.0048
0.0032
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