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ABSTRACT
Tropical cyclones (TCs) are among the most destructive and deadly natural phenomena on the
planet. Using the historical Atlantic TC record, this thesis first examines the empirical
relationships between climate state variables and Atlantic tropical cyclone (TC) counts. State
variables considered as predictors include indices of the El Niño/Southern Oscillation (ENSO)
and Northern Atlantic Oscillation (NAO), and both ―local‖ and ―relative‖ measures of main
development region (MDR) sea surface temperature (SST). In addition, the considered
predictors include indices measuring the so-called ―Atlantic Meridional Mode‖ (AMM) and the
West African monsoon. Using these predictors in forward stepwise Poisson regression, this
thesis examines the relationships between TC counts and climate state variables. As a further
extension on past studies, both basin-wide named storm counts and cluster analysis time series
representing distinct flavors of TCs, are also modeled. A wide variety of cross validation metrics
reveal that total TC counts may be more skillfully modeled than the cluster series, and the most
skillful models most commonly share three predictors: the MDR SST index, an index of ENSO,
and the NAO index.
The observed record of Atlantic TCs is relatively short however, and is subject to
potential biases owing to lack of observation platforms such as aircraft reconnaissance and
satellite imagery in earlier decades. Studies of long-term trends in TC activity are thus hindered
by the limitations and uncertainty within the historical data. Therefore, this thesis also examines
TC activity over a longer time frame using results from a long-term simulation of the NCAR CSM
1.4 coupled ocean-atmosphere climate model. The model has been forced with estimated
natural and anthropogenic factors over the past millennium. Atmospheric variables from the
model simulation are used to drive a recently developed downscaling relationship that simulates
TC genesis and tracking over the course of the 1000-year simulation. This downscaling process
generates a realistic long-term TC track dataset over an extended period of time, free of the
observational record's many restrictions and biases. The realistic track data was used to
perform an objective analysis of long-term trends in Atlantic TCs and TC landfalls and the
potential underlying climate drivers. Analysis of TC event time series reveal that counts of
landfalling TCs and even landfalling hurricanes (i.e. the subset of relatively strong TCs) track
relatively well with the total basin-wide TC activity on multidecadal and longer timescales.
Statistical models driven with relevant climate predictors derived from the model fail to explain
as much variance as those which have been developed and applied to modern historical TC
counts, but they do demonstrate significant statistical skill over the long-term.
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Chapter 1
Introduction
The potential origins of systematic interannual and longer-term variability in North
Atlantic Tropical Cyclones (TCs) have been investigated in numerous studies over the past
decade. Anomalous recent levels of activity, and in particular the record-breaking 2005 Atlantic
Hurricane Season, have invigorated interest within the scientific community on this topic. A
number of recent studies use statistical regression models to examine the apparent impact of
climate state variables on TC activity including recent trends.
The El Niño/Southern Oscillation (ENSO) has long been known to have an impact on
Atlantic TC activity, with El Niño (La Niña) tending to diminish (enhance) season TC activity
(e.g. Gray 1984). Indices of ENSO accordingly represent a primary predictor used in past
studies attempting to statistically model Atlantic TC activity (e.g. Bove et al. 1998; Elsner 2003;
Elsner and Jagger 2006; Mann et al. 2007). A number of studies also consider the role of the
Northern Atlantic Oscillation (NAO) in Atlantic TC activity (e.g. Elsner et al. 2000b; Elsner 2003;
Elsner and Jagger 2006; Mann et al. 2007), which influences seasonal TC activity through an
influence on large-scale tracking of storms (e.g. Elsner 2003). Warm ocean surface favors the
formation and development of TCs (e.g. Gray 1968), as it is closely tied to key thermodynamic
quantities involved in the energetics of TCs, such as potential intensity (Emanuel 1995).
Numerous studies modeling Atlantic TC activity thus incorporate sea surface temperatures
(SST) over the Main Development Region (MDR) during the primary season (Aug-Oct) for
Atlantic TC formation (e.g. Hoyos et al. 2006; Emanuel 2005; Sabbatelli and Mann 2007; Mann
et al 2007). Recently, there has been some debate within the research community as to whether
MDR SSTs themselves (e.g. Emanuel 2005) or some ―relative‖ measure of SST that measures
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warmth of the MDR relative to the tropical mean (e.g. Vecchi et al. 2008; Ramsay and Sobel
2010) is most appropriate.
A recent set of analyses (Sabbatelli and Mann, 2007; Mann et al, 2007) have modeled
annual basin-wide TC counts on three predictors: ENSO, the NAO, and Aug-Oct MDR SSTs.
These analyses employed Poisson regression, a tool that is appropriate for modeling a Poisson
process with a rate of occurrence that is conditional on underlying state variables (e.g. Elsner et
al. 2000b; Elsner 2003). The resulting statistical model displayed significant predictive skill,
accounting in cross-validation for roughly half of the variance in annual Atlantic TC counts.
However, it may be possible to enhance the skill in TC count statistical modeling exercises by
exploring a wider range of potential climate predictors.
Additional potential predictors include rainfall in the Sahel region in Western Africa
during the boreal summer. Studies have found that negative precipitation anomalies in this
region coincide with an increase of dry African dust layers, which have the potential to inhibit TC
genesis (Prospero and Lamb 2003). Moreover, an anomalously dry season has the potential to
alter the characteristics of moist easterly waves that can eventually develop into TCs
(Goldenberg and Shapiro 1996). Furthermore, previous studies hypothesize that droughts in
Western Africa are consistent with stronger upper-level westerlies that can increase the amount
of shear in the Atlantic basin (Landsea and Gray 1992). Recent studies use this information to
correlate precipitation patterns from the African monsoon to Atlantic TC development, but this
relationship is non-stationary (Bell and Chelliah 2006; Zhang and Delworth 2006; Fink et al.
2010.)
Other climate state variables that have been argued to impact tropical Atlantic TC
behavior include the Atlantic Meridional Mode or ―AMM‖ index (Vimont and Kossin 2007).
Furthermore, there are several alternative metrics of ENSO (Barnston et al. 1997) that might be
employed (see Figure 1.1). In addition to the Niño3.4 index favored by, for example, Mann et al
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Figure 1.1 Locations of the four Niño regions. The indices measured in the Niño 3, 3.4, and 1+2 regions
are used in this thesis. Source: NOAA/NWS/NCEP/CPC 2009.

(2007), one might alternatively employ the Niño3 or Niño1+2 indices of ENSO (e.g. Kossin et
al. 2010). Finally, some researchers, as discussed earlier, argue that the influence of tropical
Atlantic SSTs on Atlantic TC activity is best measured not by MDR SST itself, but through its
value relative to global tropical mean SST, i.e. through a ―relative‖ MDR SST index (Vecchi et al.
2008), the difference between the MDR and tropical mean SST. Incorporating all of these
potential alternative climate state variables into a potential pool of candidate predictors allows
for a more comprehensive and robust exploration of the appropriate statistical models relating
climate and Atlantic TC counts.
Gray (1984) found a relationship between Atlantic tropical cyclone activity and the
stratospheric Quasi-Biennial Oscillation (QBO). However, recent work of Camargo and Sobel
(2010) shows that this relationship does not hold true any longer, therefore the QBO is not
included as one of the potential predictors.
In addition to expanding the pool of potential predictors, it is worthwhile to decompose
historical basin-wide TC counts into subgroups that cluster with respect to their path, location of
genesis, and other track characteristics (Elsner et al. 1996; Nakamura et al., 2009; Kossin et al.
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2010). In principle, the factors that govern different flavors of TCs may differ, and additional
predictive skill, as well as insight, might arise from modeling them separately, rather than
collectively.
Unfortunately, however, statistical modeling over the historical record of Atlantic TCs
(Jarvinen et al. 1984) is not a perfect method for analyzing variability in tropical cyclones. The
relatively short observed record only spans the past century and a half (1851-present), which
makes understanding long-term trends in TC activity difficult. Recent studies have also argued
that the observed record is subject to a potentially significant undercount bias in the earlier
decades that has arisen from improved observation and measurement techniques such as
aircraft reconnaissance and satellite imagery (e.g. Landsea 2007; Chang and Guo 2007; Mann
et al. 2007). As a result of this uncertainty over the observed record, the significance of
statistical studies on long-term tropical cyclone variability through the observed historical record
is limited even further. Studies on the most destructive tropical cyclone events are particularly
troublesome, as intense hurricanes and TC landfalls represent only a small fraction of the
observed record.
To account for the shortcomings of the observed record, an idealized millennium-long
coupled ocean-atmosphere climate model is utilized to analyze long-term tropical cyclone
landfall variability. A recently developed statistical and dynamical downscaling relationship
(Emanuel et al. 2008; Emanuel et al. 2010) is employed to produce genesis, tracking, and
intensification of synthetic tropical cyclones within the climate model simulation. Ultimately, this
process produces an idealized, yet statistically realistic, database of TCs across the entire
Atlantic basin over a millennial (AD 850-1999) period.
With these synthetic TC counts, it becomes possible to examine long-term trends in
Atlantic TC activity without the limitations of the existing historical record. Once again, to
accomplish an objectively analysis of basin-wide TC counts, model-based measurements of
ENSO, the NAO, and MDR SSTs are calculated from the long-term climate simulation. Much in
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the same way that the observed record is analyzed, these climate state variables are then used
to develop a series of regression models for TC counts and other measures of TC activity.
Another alternative set of regression models is also developed by using the regression
coefficients from the most skillful model over the shorter observed record to back project TC
counts over the duration of the long-term climate simulation. These long-term statistical models
are ultimately used to objectively examine the apparent impact that climate cycles have upon
interannual and longer-scale basin-wide tropical cyclone variability.
It is also desirable to understand better how TCs affect people and the landmasses that
surround the Atlantic Basin. The millennium-long track dataset has a larger sample size of such
events than does the relatively short historical best-track record, providing the groundwork for a
more complete analysis of landfalling Atlantic storms, without the limitations set forth by the
sparsely populated observed record. The tracks and intensities of each storm in the simulated
long-term record are used to create time series of landfalling TCs, hurricanes (sustained winds
> 33 m s-1), and major hurricanes (sustained winds > 50 m s-1). These time series are further
subdivided by creating a time series of storms that make direct landfall along the coastline of the
United States of America. Comparing of these landfall time series to the annual basin-wide
counts, and various climate state variables, may lead to a better understanding of the most
destructive Atlantic TCs.
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Chapter 2
Statistical Modeling of Observed Atlantic Tropical
Cyclone Counts
In this chapter, Poisson regression models are used to analyze the empirical relationships
between climate state variables and Atlantic tropical cyclone (TC) counts in the observational
record. These statistical models are created over three different periods of time within the
historical record for both total TC counts and a cluster time series comprised of four different
"flavors" of Atlantic TCs.

2.1 Data
Sabbatelli and Mann (2007) and Mann et al. (2007) uses three specific predictors in
modeling annual Atlantic basin-wide TCs: (1) the post-season boreal winter December-February
(DJF) Niño 3.4 SST index, (2) the post-season boreal winter December-March (DJFM) NAO
index (Jones et al. 1997) and (3) the in-season August-October (ASO) mean MDR SSTs (6°18°N, 20°-60°W). The SST data are based on a blend of three published SST products (Rayner
et al. 2003; Smith and Reynolds 2003; Kaplan et al. 1998). The pool of candidate predictors
also includes the additional series that are discussed in chapter 1: (4) the in-season JuneSeptember (JJAS) Sahel precipitation index (from the Joint Institute for the Study of the
Atmosphere and the Ocean1, "JISAO"; 2009), and alternative ENSO indices of the post-season
boreal winter including the (5) Niño1+2 (from NOAA's Climate Prediction Center2) and (6) the
Niño 3 SST indices. Also considered as a candidate predictor is the (7) ASO ―relative‖ MDR
SST index, which is calculated by subtracting the global tropical SST (averaged across all
latitudes from 23.5°N to 23.5°S) from the averaged North Atlantic MDR SST series. In addition
the pool of candidate predictors includes, (8) the pre/in-season May-June (MJ) NAO index

1
2

http://jisao.washington.edu/data/sahel/
http://www.esrl.noaa.gov/psd/data/climateindices/list/
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(Jones et al. 1997) and (9) the in-season June-November (JJASON) AMM index (from NOAA's
Climate Prediction Center3). These datasets are all available across various time periods,
ranging as far back as 1870. Plots of the time series are shown in Figure 2.1, and further details
are provided in Table 2.1.

Figure 2.1 Time series (1870-2007) of potential predictors, indicating conditions that are favorable (red)
and unfavorable (blue) for TC activity.
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Candidate Predictor Information
Predictors
1
2
3
4
5
6
7
8
9

Time Interval Used

in-season Aug-Oct MDR SSTs
in-season Aug-Oct relative MDR SST index
pre/in-season May-June NAO index
post-season Dec-Mar NAO index
post-season Dec-Feb Niño3 index
post-season Dec-Feb Niño3.4 index
post-season Dec-Feb Niño1+2 index
in-season Jun-Sep Sahel precipitation index
in-season Jun-Nov AMM index

1870-2007
1870-2007
1870-2007
1870-2007
1870-2007
1870-2007
1950-2007
1900-2007
1950-2007

Table 2.1 List of all state variables that are considered as candidate predictors in this chapter. The
longest time interval of each predictor is also listed.

As previously stated, it may be desirable to subdivide the basin-wide TC best-track
database ("HURDAT", Jarvinen et al. 1984) into smaller clusters of like storms. Grouping storm
counts by storm track using a ―cluster‖ methodology has proven to be advantageous in several
previous studies. The technique has been previously applied to Atlantic extratropical cyclones
(Gaffney et al. 2007), western North Pacific typhoons (Camargo et al. 2007 a; b), eastern North
Pacific hurricanes (Camargo et al. 2008), Fiji TCs (Chand and Walsh 2009) and most recently to
Atlantic TCs (Kossin et al. 2010). This specific cluster technique is accomplished by utilizing a
mixture model, in which every component consists of a quadratic regression curve of TC
position versus time. As per Kossin et al. (2010), the model is then fit to the data by maximizing
the likelihood of the parameters, given the data. Each TC track is then assigned to one of K
different quadratic regression models, with each model being described by regression
coefficients and a noise matrix. As is the case in the K-means method, the number of clusters
used in this methodology is not uniquely determined in the cluster analysis. Therefore, insample log-likelihood values are used to obtain the optimum number of clusters, just as in
Camargo et al. (2007a; 2008), and Kossin et al. (2010).This analysis found that at least four
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clusters are needed to examine the track types that appeared in all of the sub-samples.
Consequently, our analysis uses the four-cluster decomposition of Atlantic TCs of Kossin et al.
(2010), dating back to 1870, in addition to the basin-wide Atlantic TC series.
Due to improvements over time in the detection of TCs due to technological advances
such as aircraft reconnaissance and satellites, there is likely a bias in estimates of basin-wide
TC counts in earlier decades of HURDAT (see e.g. Landsea 2007; Chang and Guo 2007; Mann
et al. 2007). Therefore, various published adjustments of the basin-wide TC series are taken
into consideration to account for the potential undercount bias during the earlier years of the
North Atlantic TC record. The considered adjusted time series include the TC count series of
Mann et al. (2007), which is based on an estimated modest undercount of 1.2 TCs per year
prior to the advent of aircraft reconnaissance in 1944 (referred to as the ―lightly adjusted‖ basinwide TC count series). Also considered is the adjusted series of Landsea (2007), which is based
on a more substantial undercount bias of 3.0 storms annually in the pre-reconnaissance era
(referred to as the ―heavily adjusted‖ basin-wide TC count series; see Mann et al. 2007 for
further discussion). Cross-validation exercises discussed later favor the adoption of the ―lightly
adjusted‖ series.
This leads to a total of five target series—the lightly adjusted basin-wide TC counts
described in Mann et al. (2007), and the four TC cluster series defined in Kossin et al. (2010)—
for which we seek to derive objective, optimal statistical models in terms of the potential
underlying climate factors (TC series shown in Figure 2.2). A potential downside of modeling the
individual cluster TC series is that the sample size contributing to seasonal mean counts is often
greatly diminished relative to basin-wide counts. In some cases, the sample sizes may be
prohibitively small for establishing statistical skill or significance in any underlying statistical
model.
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Figure 2.2 Time series (1870-2007) of the primary TC predictands that are analyzed in this chapter. Red
(blue) indicates positive (negative) TC count anomalies. Basin-wide TC counts have been adjusted as
described in text.
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2.2 Methods

Using the expanded pool of predictors discussed in section 2.2, and the set of target
predictands that include both adjusted basin-wide TC counts and each of the four cluster TC
count series, Poisson regression is applied to model climate influences on annual TC counts.
This approach assumes TC counts can be represented by a Poisson process.

(1)
In a Poisson distribution the mean occurrence rate, µ, is the sole free parameter, and the
unconditional case has a maximum likelihood value of the mean annual count. The null
hypothesis is that µ is constant, while Poisson regression tests the alternative hypothesis that µ
is a function of other state variables, e.g. climate state variables.
Some recent studies suggest that there are other modified or alternative forms of
regression models that might also be suited to model the influence of climate state variables on
TC activity (e.g. Villarini et al. 2010; Mestre and Hallegatte, 2007). That notwithstanding,
Poisson regression is favored in these methods, given the rich body of work that exists over the
past two decades applying this specific tool to modeling TC count data (e.g. Solow and Nicholls
1990; Solow and Moore 2000; Solow and Moore 2002; Elsner et al. 2000b; 2001; Elsner 2003;
Elsner and Jagger 2006, Tippett et al. 2010).
A standard forward stepwise (Poisson) regression is applied to each of the 5 available
predictands (the 4 TC cluster series and the adjusted basin-wide TC series) using all possible
combinations of n predictors (n=1,2,…,N, where N is the maximum available number of
predictors available). Not all predictors extend back over the full interval (i.e. back to 1870; see
Table 2.1), so models are tested over three possible time intervals, the shortest of which allows
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testing of all predictors, and the longest of which has a smaller pool of candidate predictors:
N=6 for the analyses from 1870, N = 7 for the analyses from 1900, and N = 9 for the analyses
from 1950. To ensure independence among the predictors at most one instance of an ENSO
index and one instance of an MDR SST index is used in any one given model.
The stepwise forward regression procedure is conducted as follows. A statistical model
is constructed using all possible choices of a single predictor from the pool of N available
predictors. The predictor that yields the lowest mean-squared error (MSE) is chosen. From the
remaining pool of N-1 candidates, a second predictor is considered, again selecting the
bivariate combination with the lowest MSE. This procedure is then repeated until all N predictors
are used. Cross-validation statistics (see below) subsequently are used to select the optimal
order of the statistical model M (which in general is substantially lower than N). The M variable
statistical model that provided the lowest averaged cross-validated MSE is selected.
The goodness-of-fit of the resulting statistical models are measured by a suite of metrics,
including the mean-squared error (MSE; defined in Wilks 2005), coefficient of determination (R2;
defined in Wilks 2005) and χ2statistics measuring both the goodness of fit of the statistical
model and the ―adequacy‖ of the fit (that is, the consistency of the residual variance with purely
random Poisson statistical behavior). The χ2 statistics are defined as:

,

where P is the Poisson regression model for the observed TC count, Y is the observed
(expected) TC counts, X is the number of years in the time interval, nij is the contingency table
of model transition counts, and eij is the contingency table for the observed (expected) TC
counts (Wilks 2005).
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In addition, cross-validation experiments independently evaluate the predictive skill of
the underlying statistical models. In these experiments, the model is calibrated over one-half of
the data set, and an independent prediction of TC counts is made for the other half, and the
goodness of fit of the prediction is evaluated. The procedure is repeated alternatively using both
the first and second half of the data for calibration/validation, and an average set of validation
scores are obtained. A variety of statistical measures are favored in the climate literature for
evaluating the cross-validation skill of statistical models. Among these are the validation MSE,
and various forms of the coefficient of determination R2 (which measures the fraction of
variance resolved by the statistical model). Calculating a validation R2 score adopting the
outside-sample baseline mean yields what is referred to as the ―reduction of error‖ (―RE‖), while
calculating a validation R2score adopting the out-of-sample baseline mean yields a somewhat
more challenging metric, that is sometimes referred to as the ―coefficient of efficiency‖ or ―CE‖.
These two metrics are calculated as:

,

where P is the Poisson regression model, Y is the TC time series predictand, and the subscripts
designate the in-sample or out-of-sample half of the model or predictand data. Additionally, the
squared linear correlation coefficient (r2; defined in Wilks 2005) can be used to measure the
fraction of resolved variance, though it should be noted that it is insensitive to both the mean
and variance of the estimate, and is in this sense a somewhat less rigorous validation measure.
In principle, the most skillful models should out-perform the others with respect to most, if not
all, of these alternative cross-validation skill metrics.
The principle behind our approach is to make as objective as possible the determination
of statistical models linking climate and TCs. This goal is achieved by employing (a) a large pool
of predictors that includes many, if not all predictors that have been suggested in previous
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statistical modeling exercises, and (b) an objective stepwise screening process both for
selecting predictors from a larger pool of candidate predictors, and for independently evaluating
the skillfulness of competing statistical models.

2.3 Results

2.3.1 Basin-wide Tropical Cyclone Counts

The previously defined ―lightly adjusted‖ version of the basin-wide TC count series
(Figure 2.2a) is used for all further analyses of basin-wide TC counts discussed in this chapter.
This decision is based on the fact that the cross-validation exercises consistently indicated
inferior skill for statistical models based either on unadjusted or ―heavily adjusted‖ versions of
the basin-wide TC count series (see supplementary information in the appendix for statistical
results using unadjusted and heavily-adjusted versions of the basin-wide TC count series).
The results of the modeling exercises involving the adjusted (as discussed above) basinwide TC counts are shown in Figure 2.3a, while Table 2.2 summarizes the main statistical
results from both calibration and cross-validation exercises. The cross-validation results appear
to provide some degree of support for recent work by Mann et al. (2007) favoring the use of
absolute (rather than ―relative‖) MDR SST, and the use of ENSO and NAO indices as additional
predictors. The Niño 3.4 index is statistically favored over the other two (Niño 3 and Niño 1+2)
ENSO indices considered. On the other hand, the particular NAO index used, or whether the
NAO should even be used as an additional predictor shows less robustness, with some degree
of sensitivity to the calibration interval used (winter NAO is favored for the full 1870-2007
interval, while no NAO index is favored over 1900-2007, and the MJ NAO index is favored for
1950-2007). Using the full interval, χ2 tests (see Table 2.2) indicate that the statistical model is
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highly significant (fit<< 0.05) and that there is little evidence of unresolved structure in the
residual variance (adequacy> 0.95). For shorter training intervals, the adequacy tests are less
decisive, but certainly do not provide obvious evidence for unresolved structure (adequacy ~ 0.850.9).

Figure 2.3 Statistical models for Atlantic basin-wide and cluster TC count series using the predictors
specified in Table 2.1. Shown are the TC counts (black—adjusted as discussed in text), the models trained
on the interval 1870-2007 (red), the models trained on the interval 1900-2007 (blue), and the models trained
on the interval 1950-2007 (green).
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Table 2.2 Results of calibration and cross validation tests employed in the statistical modeling exercises.
The various statistics are tabulated as defined in the text. Predictors are indicated in the order they are
2
selected in the forward stepwise screening regression. The results of the χ tests are measured with
respect to the probability ( ) of rejecting the relevant null hypothesis. As values of fit approach 0, the
probability that such a skillful model would arise from chance alone becomes increasingly low. As values
of adequacy approach 1, the probability that residual unresolved variance is consistent with purely random
Poisson process behavior becomes increasingly high.

As in Mann et al. (2007), roughly half of the total variance in annual basin-wide TC
counts is resolved in calibration and validation using the full available period (1870-2007), with
modestly lower levels of skill for the shorter training intervals (1900-2007 and 1950-2007).
Somewhat surprisingly, the use of other predictors that have been motivated in previous work,
such as the AMM index and Sahel precipitation, cannot be objectively supported by the forward
regression approach. It is possible that the shorter training intervals that are available for using
these predictors (Sahel rainfall extends only back to 1900, and the AMM series extends only
back to 1950) are simply not sufficient to identify potential additional useful informational content
in these series. It is also possible that the useful information within these unsupported predictors
is redundant with the more significant ENSO, NAO, and/or SST indices. Indeed, one
complication in comparing the relative merit of competing predictors over relatively short (i.e.
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less than 60 year) time intervals is the fact that the competing predictors differ substantially in
their frequency-domain attributes (see e.g. Mann and Emanuel, 2006). For example, the AMM is
closely correlated with Atlantic TC activity on both interannual and decadal timescales (Kossin
and Vimont 2007; Vimont and Kossin 2007) while MDR SST is most strongly correlated with
Atlantic TC activity on decadal and longer timescales (e.g. Mann and Emanuel, 2006).

2.3.2 Tropical Cyclone Cluster Time Series

The statistical results for the model of the four individual TC cluster counts (Figures 2.3be) are more mixed than those obtained for models of basin-wide TC counts. The tracks of the
TCs within each individual cluster are plotted in Figure 2.4. Overall, a larger mix of predictors
emerge in the forward stepwise screening regression approach, but in most cases either the
statistical skill, regression adequacy, or both are called into question by the statistical results
obtained.
The first cluster (Figure 2.3b) contains TCs that originate primarily over the north and
eastern parts of the basin; these storms tend to have significant curvature in their paths due to
baroclinic influences (Kossin et al. 2010). Overall, this cluster is the most populated of the four
clusters, as it accounts for 31% of all basin-wide TCs. The tracks of the TCs represented in this
cluster from 1950-2007 are shown in Figure 2.4a. The models trained on this cluster (Figure
2.3b) tend to be less skillful than those found above for basin-wide TC counts, though
interestingly the same three predictors (MDR SST, Niño 3.4, and winter NAO) are nonetheless
chosen in the forward stepwise screening regression procedure using the full (1870-2004)
interval. The calibration and cross-validation results suggest that roughly 20% of the interannual
variance is resolved by the statistical model, though CE scores are close to zero, indicating that
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much of the out-of-sample skill comes from predicting the changes in mean counts. The level of
skill in the statistical models is less clear using shorter training intervals, and there is substantial

Figure 2.4 TC tracks from 1950-2007 for each of the four clusters, as separated by the cluster analysis
methods detailed within the text. (Source: Kossin et al. 2010)

evidence (i.e. low values of adequacy) for unresolved structure. For the shortest training interval
(1950-2007) the selected model does not pass statistical significance (fit> 0.05). Interestingly,
the first cluster is the only one for which there is some hint of the predictive value of Sahel
rainfall, as this predictor is one of the three predictors selected using the 1900-2007 interval (the
longest interval that includes this predictor). However, the cross-validation results in this case
indicate limited statistical skill.
The second cluster (Figure 2.3c) contains TCs that typically originate in the Gulf of
Mexico or the westernmost part of the Caribbean and have a northward component in their
tracks. TCs within this cluster are strongly modulated in intraseasonal time-scales by the
Madden-Julian Oscillation (Kossin et al. 2010). These storms account for 29% of total basin-
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wide TCs and their tracks are shown in Figure 2.4b. The cross-validation results, however, are
uniformly poor with this particular cluster, suggesting the possibility that the standard climate
factors generally considered in modeling annual TC counts simply do not have any decisive
relationship with this particular family of Atlantic TCs.
The third cluster (counts: Figure 2.3d; tracks: Figure 2.4c) includes many of the more
intense TCs and ones that largely form in the eastern part of the North Atlantic Basin. TCs in
this cluster also tend to recurve back to the east towards the end of their path, as they interact
with other synoptic weather features (Kossin et al. 2010). From 1870-2007, this cluster contains
21% of all storms in the basin. The statistical models for this particular cluster show among the
greatest apparent skill of all four clusters considered, though the results are quite variable with
respect to the time interval considered. Over the recent interval (1950-2007), the crossvalidation results indicate skill that is competitive with that obtained above for basin-wide
storms, suggesting that 40-50% or so of the interannual variance can be skillfully resolved. The
chosen predictors are again similar—MDR SST, ENSO, and NAO, though the flavors of the
indices chosen are different (Nino1+2 for ENSO and the pre/within-season MJ NAO). The
adequacy tests fail over the longer intervals, however, (adequacy<< 0.05) suggesting that there is
substantial unresolved structure in the residuals. Moreover, the cross-validation results are both
inferior and highly variable with respect to the particular metric used for the two longer training
intervals.
The fourth cluster of TCs (counts: Figure 2.3e; tracks: Figure 2.4d) correspond to storms
that develop primarily in the southern part of the basin and typically have relatively east to west
tracks. Of the four clusters, this cluster is comprised of the fewest number of storms, accounting
for only 18% of the total storm counts from 1870-2007. As with the first cluster, cross-validation
scores generally success that the statistical model can skillfully resolve roughly 20% of the
interannual variance, though the precise skill varies with the time interval considered. The most
skillful model is derived for the most recent (1950-2007) interval, where, unlikely any other
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cluster, the AMM (only available back to 1950) is chosen as one of the three predictors (the
other two are MDR SST and Nino 1+2). For the 1950-2007 interval, the adequacy test gives an
indeterminate result (adequacy ~ 0.3) suggesting the possibility of unresolved residual structure.
For the two longer intervals (1900-2007 and 1870-2007) a different set of predictors are chosen,
including in both cases the ―relative‖ MDR SST series, a series that is not selected for any of the
other cluster series or for basin-wide TC counts. In both cases, there is substantial unresolved
structure in the residuals, as suggested by the adequacy test results (adequacy<<0.05).
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Chapter 3
Atlantic Tropical Cyclones in a Simulation of the Past
Millennium: Statistical Modeling of Counts with
Climate Predictors
The modern historical record is too short to test relationships between variations in TC activity
and underlying climate factors that may drive those variations, on multidecadal and longer
timescales. In this chapter, the test bed afforded by a very long synthetic TC dataset derived by
downscaling a forced millennial-length GCM simulation is used to test hypotheses regarding the
long-term relationships between key climate state variables and basin-wide Atlantic TC activity.

3.1 Data and Methods

The climate model used to generate a synthetic climate of the past millennium is the
National Center for Atmospheric Research's (NCAR) Climate Simulation Model, version 1.4
(CSM 1.4), which employs NCAR's Community Climate Model, version 3.0 (CCM 3.0) run at
T31 resolution (3.75° x 3.75°). The CSM 1.4 simulation that is used spans the past millennium
(AD 850-1999), with the model having been driven by both estimated natural (solar and
volcanic) and anthropogenic (greenhouse gas and sulphate aerosol) forcings (Ammann et al.
2007). Noteworthy caveats with regard to the performance of this particular model over the
Atlantic basin included a climatological bias toward too much vertical wind shear in the region
which tends to depress Atlantic TC activity (Vecchi and Soden 2007)—artificially in this case,
and the absence of a cooling lower stratosphere as seen in modern observations.
Tropical cyclones are generated within the context of the model simulation history using
a downscaling method based on boundary conditions prescribed from the monthly mean
atmospheric state variables of the model, including interpolated 250 hPa and 850 hPa
meridional and zonal winds, the vertical profile of temperature, and the vertical profile of
humidity. The downscaling method (Emanuel et al. 2008; Emanuel et al. 2010) uses these
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atmospheric variables to produce tropical cyclone genesis, intensities, and tracks. Tropical
cyclone genesis is initiated first in this method by random seeding in space and time across the
Atlantic Basin, excluding areas poleward of 75° N or equatorward of 3° N. These storms are
tracked subsequently through time using a beta-and-advection model, driven by the variances
and covariances of the 250 hPa and 850 hPa wind components derived from the CSM 1.4.
Lastly, storm intensities are generated along the lifetime of the storm by inputting ocean SSTs,
present day climatology of the upper ocean thermal structure, atmospheric wind shear,
temperatures, and humidity into the Coupled Hurricane Intensity Prediction System (CHIPS).
Many of the storms, however, suffer from waning intensities at genesis and fail to ever reach
maximum sustained winds greater than 20 ms-1 because of high wind shear and/or low potential
intensities. The storms that fail to develop, as noted, are not considered as TCs and as a result,
are discarded from the synthetic TC dataset.
From the synthetic TC database resulting from application of the downscaling approach,
it is possible to create histories of basin-wide TCs for each year. As discussed later (Chapter 4),
it may be possible to compare various categories of storms (TCs versus hurricanes and major
hurricanes) as well as landfalling versus basin-wide storms. Instead, here the focus is placed on
the relationship between variations in TC counts and the various underlying climate state
variables known to impact basin-wide TC counts from analyses of the modern historical record
(Chapter 2). These state variables are calculated directly from the CSM 1.4 climate fields and
include the three indices found to provide the maximum cross-validated explanatory variance in
application to the actual observations: (1) the post-season boreal winter DJF Niño 3 index (for
the observations, the slightly different Niño3.4 index was used), (2) the post-season boreal
winter DJFM NAO (3) the in-season ASO mean MDR (6°-18°N, 20°-60°W) SSTs. In addition,
possible alternative indices discussed in chapter 2 are considered, including (4) the in-season
ASO global relative MDR SSTs, calculated, as with historical data, by subtracting the averaged
global tropical SST (averaged across all latitudes from 23.5°N to 23.5°S) from the North Atlantic
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MDR SST series, and (5) an alternative index of ENSO that measures anomalies of mean
boreal winter DJF linear zonal SST gradients across the equatorial Pacific (10°S-10°N, 120°E90°W), hereby referred to as "Niñograd.", which removes the impact of mean domain-wide
warming on the measure of ENSO. Anomalies of these predictors are defined with respect to
the same climatologically base period used for historical observations (1961-1990). All five of
these model derived predictors share similar statistics—such as mean, standard deviation,
extreme values—as their observational counterparts (A comparison of these statistics is
available in a supplementary table in the appendix).
The same Poisson regression method detailed in chapter 2 is employed to relate TC
counts to the underlying climate indices. However, in this case there are two possible ways of
applying the approach. The first utilizes the Poisson regression models already developed
based on relating historical TC counts to historical climate indices (as in chapter 2 the results
are based on use of the ―lightly adjusted‖ TC series; Mann et al. 2007). The regression
coefficients from those previous analyses are simply applied to the long-term CSM-derived
climate state variables to back-project TC counts for the duration of the 1150-year simulation,
using all possible combinations of the five indices discussed above. As there is an offset bias
mean annual TC counts over the historical (1870-2007) period in the simulated climate (8.8 TCs
per year) relative to actual climate (9.6 TCs per year), the statistical model trained on actual
observations also has a mean offset bias of -0.8 TCs per year. This mean offset has been
subtracted for the purpose of all subsequent comparisons.
The alternative approach to applying Poisson regression to the problem involves simply
repeating the procedure applied to develop a regression model from actual observations of both
climate and TC counts, as in chapter 2), but instead using both the simulated climate state
variables and simulated TC counts. In other words, the simulated TCs are trained on the
simulated climate indices (using a training interval beginning in 1870 just as with modern
observations) and the resulting regression coefficients are used to once again back-project TC
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counts for the full 1150-year period. In this case, Poisson regression models are generated in
this manner using the stepwise forward regression approach using all possible combinations of
the five simulated climate indices discussed above.
In an effort to also study interannual TC variability over our long-term TC record (as was
done in chapter 2 with the observational record), we will closely examine three significant
epochs in our long-term synthetic TC record: the observational period (1850-1999), the Little Ice
Age ("LIA"; 1400-1700; Mann et al. 2009b), and the Medieval Climate Anomaly ("MCA; 9501250; Mann et al. 2009b). These specific epochs are selected in order to account for periods of
above average, average, and below average TC activity. Once again, Poisson regression will be
utilized to evaluate how the model-derived climate predictors relate to the (unsmoothed) annual
TC counts on these shorter time scales. To relate the results of these models back to the
models created in chapter 2, the skillfulness of these models is evaluated with the same suite of
calibration (MSE, R2, αfit, αadequacy) and cross validation metrics (MSE, RE, CE, r2).

3.2 Results

The annual TC series is shown along with its smoothed counterpart in Figure 3.1. For
the purpose of further discussion and comparisons, this and other long-term series have been
smoothed to highlight multidecadal and longer timescales using a lowpass filter (Mann. 2008;
using a half-power cutoff at f=0.025 cycles/year, corresponding to a 40 year period). Substantial
multidecadal and centennial-scale variability is observed throughout the millennial-length record,
including the modern observational era. Unlike the actual observations (and the results from
applying the same downscaling procedure over the Atlantic to most other historical climate
model simulations—see Emanuel et al. 2008), simulated basin-wide TC activity in this thesis
shows a substantial decline over the 20th century. Indeed, the decline begins in the early 19th
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Figure 3.1 A plot of tropical cyclone counts over the duration of the climate simulation. The annual TC
counts created within the CSM 1.4 by the downscaling methods described in the text are shown by a thin
blue line. The thick red line represents the same TC time series smoothed to emphasize multidecadal and
longer timescales as described in the text.

century and continues through the late 20th century, inversely following the path of
anthropogenic greenhouse gas forcing in the model simulation.
The various climate index time series are shown in Figure 3.2. Much of the structure in
the climate indices (e.g. the long-term cooling from Medieval time through the 19th century and
subsequent warming in both ASO MDR SST and DJF Niño3) can be related to the impact of
long-term natural and anthropogenic forcing on surface temperatures (Ammann et al. 2007).
The relative explanatory variance of the various alternative regression models was evaluated by
calculating MSE and the squared Pearson linear correlation coefficient from the smoothed
statistical models and the smoothed TC counts over the duration of the simulation (Tables 3.1
and 3.2). It should be noted that strictly speaking, such variance-based statistics assume an
underlying null hypothesis of Gaussian-distributed data. This assumption is not appropriate for,
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Figure 3.2 The five climate predictors calculated from fields within the CSM over a millennial time scale.
The predictors shown are (a) Aug-Oct MDR SST anomalies, (b) Aug-Oct relative MDR SST anomalies,
(c) the mean Dec-Feb Niño 3 index, (d) the Dec-Feb Niñograd index, and (e) the Dec-Mar NAO index.
The raw indices are represented by the blue lines, and the smoothed indices are represented by the
thicker red lines.

say, annual landfalling hurricane counts which reflect discrete counts of rare events best
modeled as Poisson distributed. However, as the counts become larger, and sample sizes
increase, the central limit theorem insures that the null distribution will increasingly resemble a
Gaussian distribution. Thus, the assumption is reasonable for total basin-wide TC counts, and
in addition is appropriate for e.g. 40 year averages of landfalling hurricanes and other quantities
which reflect rare events at the annual timescale, but less so over 40 year averaging periods.
These statistical evaluations can be viewed as long-term statistical validation tests, in the sense
that the statistical model predictions of TC counts and actual downscaled TC counts are based
on fundamentally different approaches (statistical modeling vs. dynamical modeling), and to the
extent that they agree one can deduce that both approaches are capturing fundamental features
of the climate governing long-term TC behavior.
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Somewhat surprisingly, training simulated TC counts against climate indices diagnosed
directly from the CSM 1.4 simulation itself yields a model with less explanatory variance than
using the historically-derived regression coefficients (compare Tables 3.2 and 3.1 respectively).
The best model using historically-derived coefficients resolves nearly a third (31%) of the
multidecadal variance in TC counts over the full millennial time frame. This is a statistically
significant (p<0.01 level), but more modest share of variance than the 40-50% variance
resolved in applications to observed TC counts (i.e. Chapter 2). Similar to those applications,
the statistical models favor the use one measure of ENSO-related variability, and one measure
of MDR SST. Use of the NAO, however, does not lead to an improvement in explanatory
variance with the historical regression coefficients; it actually degrades the agreement. Niño 3
appears to be favored, albeit only slightly, over the Ninograd.
The greatest surprise is that the "relative" MDR SST index, in stark contrast to results
from similar exercises applied to historical data (i.e. Chapter 2), is heavily favored over absolute
MDR SST in these tests. Indeed, predictions using models trained with absolute MDR SST only
show essentially no correspondence with simulated TC counts. Among other features, rising
MDR SST cannot explain the simulated decrease in TC counts. By contrast, the decreasing
trend in relative Atlantic SST over the past two centuries in this model simulation does account
for the long-term decrease in TC counts over this time frame. This inconsistency may reflect
some of the caveats expressed earlier with regard to the ability of this particular model to
faithfully reproduce key climatological attributes of the tropical Atlantic basin, but it may also
point to a limited universality of the predictors tested, which are based on modern climatological
relationships. One worthwhile extension of this work would involve examining other potential
climate indicators derived from the model-simulated atmospheric and ocean fields.
Figure 3.3 compares the smoothed downscaled TC count time series with the optimal
(as determined) above statistical models based on both approaches described earlier (observed
historical relationships versus diagnosed relationships based on model-simulated climate
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indices and TCs). The optimal models, as noted earlier, both utilize the relative SST index and
Niño 3 as predictors, and capture slightly less than a third of the variance within the synthetic
TC counts. Visually, one can see that the observationally-trained statistical model captures the
overall amplitude of variation (roughly 2.0-2.5 TC peak-to-peak variations on multidecadal
timescales), many of the individual peaks (e.g. around AD 880, AD 1600, AD 1830), and some
of the longer-term variations, e.g. relatively high levels early and during the 15th/16th centuries,
low levels during 11th century mid 12th century, and decreasing trend since the early 19th
century). The CSM-trained statistical model shows a similar pattern of variation over time, but
the variance is underestimated, as is expected for any regression-based model that is trained
within sample.

Table 3.1 Explanatory variance (over full AD 850-1999 interval) for statistical models of simulated annual
TC counts using regression coefficients based on historical relationships. Every univariate, bivariate, and
trivariate predictor combination (left column) is tested to determine the model with maximum explanatory
long-term variance. The single statistical model with the greatest explanatory variance is highlighted in
red. Results are provided for smoothed data.
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Table 3.2 Explanatory variance (over full AD 850-1999 interval) for statistical models of simulated annual
TC counts using regression coefficients based on training simulated TCs against simulated climate
indices. Every univariate, bivariate, and trivariate predictor combination (left column) is tested to
determine the model with maximum explanatory long-term variance. The single statistical model with the
greatest explanatory variance is highlighted in red. Results are provided for smoothed data.

Figure 3.3 Tropical Cyclone counts within the CSM 1.4 (blue line) and various long-term statistical
models. The red curve represents the statistical model that utilizes the short-term observed Poisson
2
regression coefficents (r = 0.31), and the green curve represents the statistical model that uses the
2
CSM-derived climate variables as predictors (r = 0.30). Only the most skillful version of each model is
shown, both of which use the niño 3 index and the "relative" MDR SST index. As detailed in the methods
section, the model trained on the observed predictors (red curve) was adjusted downward by 0.7574 TCs
per year to account for a modest mean bias in simulated TC counts.
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That only 30% of the variance is resolved by the statistical models suggests modestly
less skill, as noted above, than is evident for similar models of annual TC counts during the
historical interval (as discussed in chapter 2). There are several possible reasons for this
observation. Firstly, it is likely that the relationships between climate state variables and Atlantic
TC activity in the real world are not entirely captured in this particular climate simulation. For
example, it is noteworthy that TC frequencies produced by the downscaling methods produced
far fewer TCs compared to the real-world observations within the historical record. As was the
case in previous studies that have used a similar version of the NCAR model (Emanuel et al.
2008), TC frequencies tend to gradually decrease in this simulation, apparently as a result of
excessive wind shear over the basin and the failure to model accurately stratospheric cooling
over the past few decades. Secondly, observationally-based statistical models are primarily
trained on interannual variability, and their skill in resolving long-term multidecadal and multicentennial variations is not well constrained. It is only the synthetic world of a millennial-length
climate model simulation (or alternatively, based on proxy and indirect measures of past climate
and past TC histories—see e.g. Mann et al. 2009a), where one can test the extent to which
such relationships appear to hold up on longer timescales.
Regression models focused on more specific epochs within the long-term climate model
do not show an improvement in skill. The statistical results of the most skillful models for each of
the three considered epochs are shown in Table 3.3. Models over the observational era, the
Little Ice Age, and the Medieval Climate Anomaly each account for less than 20% of the total
interannual variance, which again is a significant decrease in skill relative to the models that
were trained on observational data in chapter two. Even over these shorter epochs, the relative
MDR SST index is preferred in regression models of the synthetic TC counts.
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Table 3.3 Results of calibration and cross validation tests employed in the statistical modeling exercises
over three epochs in the long-term climate model. The various statistics are tabulated as defined in the
text. Predictors are indicated in the order they are selected in the forward stepwise screening regression.
2
The results of the χ tests are measured with respect to the probability ( ) of rejecting the relevant null
hypothesis. As values of fit approach 0, the probability that such a skillful model would arise from chance
alone becomes increasingly low. As values of adequacy approach 1, the probability that residual unresolved
variance is consistent with purely random Poisson process behavior becomes increasingly high.
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Chapter 4

Atlantic Tropical Cyclones in a Simulation of the Past
Millennium: Comparing Landfalling and Basin-Wide
Activity
The modern historical record is too short to test relationships between various types of TCs on
multidecadal and longer timescales. In this chapter, the test bed afforded by a very long
synthetic TC dataset derived by downscaling a forced millennial-length GCM simulation is used
to test various hypotheses regarding the long-term relationships between various categories of
TCs, including relationships between landfalling versus basin-wide storms and strong (e.g.
hurricane) vs weak TC categories.

4.1 Data and Methods

The analysis of relationships between various categories of TCs and hurricanes,
including landfalling versus basin-wide storms, is performed using the synthetic TC data set
based on downscaling of the NCAR CSM 1.4 coupled model simulation over AD 850-1999
described and used in chapter 3. The time series that are diagnosed from the downscaling
experiments include annual counts of various categories of landfalling TCs: (1) total (i.e. U.S. as
well as Caribbean/Mexican/South American) landfalling hurricanes (sustained winds ≥ 33 m s-1;
accounts for 19% of all TC landfalls in the simulation), (2) total landfalling major hurricanes
(sustained winds ≥ 50 m s-1; accounts for 9% of all TC landfalls in the simulation), (3) United
States3 landfalling TCs, (4) US landfalling hurricanes, and (5) US landfalling major hurricanes. In
addition, this chapter utilizes computed annual counts of (6) basin-wide tropical cyclones, (7)
basin-wide hurricanes, and (8) basin-wide major hurricanes.

3

For the purposes of these time series, the United States is defined to include the Eastern seaboard and
the Gulf Coast, but not United States territories such as Puerto Rico.
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The location of each landfall is classified by the latitude and longitude at the moment the
storm struck land for the first time. The intensity of the TCs at landfall is determined by the
sustained wind speed during the initial landfall. The landfall positions and intensities are limited
in accuracy to within the two-hour time resolution of the synthetic TC data. Meanwhile, the
intensity of the overall basin-wide counts is classified using the highest maximum sustained
wind speed over the course of the life of the TC. Although the downscaling approach relies on
the simplistic beta-advection model for tracking, the synthetic TCs in our model generally have
realistically shaped tracks. In Figure 4.1, a random sampling of storm tracks indicates that the
synthetic TCs do travel in loops and can make abrupt turns, as is observed. Nonetheless, the
tracks of the synthetic TCs do have a significant spatial bias. Figure 4.2a is a plot of synthetic
TC tracks in our model simulation from 1851 to 1999, and Figure 4.2b is a plot of observed TC
tracks from HURDAT over the interval 1851-2005. A Comparison of these two track maps
reveals an eastward bias in the synthetic TC tracks. For example, in the model simulation, TCs
make landfalls in Africa and tend to recurve over the open waters of the Atlantic instead of
recurving near or over the Eastern Seaboard of the United States. Furthermore, storms in the
Gulf of Mexico and Western Caribbean Sea also appear to be under-represented. As a result,
the percentage of storms that make landfall in our simulation is significantly lower than that in
the observational record. It is also possible, however, that the observed basin-wide TC counts
are biased towards landfalls due to observational techniques (Landsea 2007).
Poisson regression techniques are once again employed to assess the influence of
climate state variables upon the landfalling counts series. Recent studies have suggested that
climate phenomena such as ENSO (e.g. Bove 1998; Elsner 2001; Lyons 2004) or the NAO (e.g.
Elsner 2006) modulate landfall frequencies across the coastlines of the United States of
America. Therefore, a forward stepwise regression process, as described in chapter 2.2, is once
again used to formulate statistical models for each of the annual landfall counts using the same
five long-term climate predictors that are described in chapter 3.1—DJF Niño3, DJF Niñograd,
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DJFM NAO, ASO "relative" MDR SSTs, and ASO mean MDR SSTs. The explanatory variance
of these models is assessed, as before, using MSE and the squared Pearson's correlation
coefficient.

Figure 4.1 Maps of twelve different synthetic TC tracks within the 1150-year model simulation. One storm
was selected randomly from each century within the CSM 1.4 in order to show the wide variety of storms
and storm tracks within our synthetic database. The TC track and intensities are calculated using the
downscaling method that is outlined in the text.
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Figure 4.2 Plot of North Atlantic TC tracks over the modern observational period. The synthetic tracks
from our climate simulation from 1851-1999 are shown in figure a. The observed tracks from HURDAT
over the years 1851-2005 are shown in figure b (source: wikipedia.org; http://en.wikipedia.org/wiki/File:
Atlantic_hurricane_tracks.jpg). An eastward bias in the synthetic tracks is visible in the comparison of
these two plots. As a result, the number of North American landfalls is significantly lower in the model
simulation when compared to observations.
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4.2 Results
The smoothed time series for the five categories of landfalling storms are compared
below in Figure 4.3 and Figure 4.4. All series are smoothed to highlight multidecadal and longerterm variations using the same 40-year smoothing filter as in chapter 3. Given the millennium
time frame afforded by the simulation, the sample size of landfalling storms is clearly much
greater than the sample size within the comparatively short observed record, allowing potentially
more robust conclusions regarding their relationships with basin-wide storms. There is
surprisingly good correspondence between the multidecadal and longer-term fluctuations in TCs
among the various categories. Both total and US landfalling storms (Figures 4.3 and 4.4) show
the same basic oscillations that, as shown in chapter 3, can be explained in terms of oscillations
in the underlying climate variables which, in the CSM 1.4 simulation analyzed, arise from a
combination of forced and internal variability.

Figure 4.3 Time series of total hurricane landfalls. The TCs that made their initial landfall as a hurricane
are indicated by the green curve, and TCs that made landfall as a major hurricane are represented by a
red curve. The time series have been smoothed as described in the text.
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Figure 4.4 Time series of United States landfalling storms. US TC landfalls are indicated by the blue line,
US hurricane landfalls are indicated by the green curve, and US major hurricane landfalls are represented
by the red curve. These counts include storms that made their first landfall along the United States, not
including Puerto Rico. The time series have been smoothed as described in the text.

To quantify the degree of correspondence between the various categories of storms,
shared variance (r2) is calculated between the various series shown in Figure 4.3 and Figure 4.4
(see Table 4.1). These calculations confirm that there is indeed a relatively strong, and
statistically significant, relationship between the various categories of basin-wide and landfalling
TCs and hurricanes (both US and total) at multidecadal and longer timescales, with all subcategories showing significant correlation. Indeed, landfalling hurricanes are seen to track fairly
well with basin-wide TC counts, with many local maxima and minima in common for the two
series (see Figure 4.5). The two series are correlated at r=0.464 corresponding to 22% shared
variance, which is significant well below the one-sided p=0.01 level. Mann et al. (2009) find a
similar, albeit slightly lower correlation (r=0.44), between estimates of basin-wide TC activity and
landfalling Atlantic hurricanes over the past 1500 years, reinforcing the hypothesis expressed
therein that on these longer timescales (where sample sizes become more appreciable,
particularly with respect to landfalling hurricanes) the two quantities ought to show common
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patterns of variation, responding to the same underlying driving climate factors. This
interpretation is supported by the fact that the longer-term statistical relationships between the
various series are substantially greater than the corresponding relationships at annual
timescales. It is noteworthy, again, that the percentage of TCs that strike landfall in our synthetic
record is lower than that of the observed record due to spatial biases in the simulated tracks. As
a result, one could argue that this would result in a weaker relationship between basin-wide TC
counts and landfall counts.

2

Table 4.1 Squared Pearson's Linear Correlation Coefficients (r ) between various smoothed tropical
cyclone counts (all correlations are positive). The two different time series of counts used in each
calculation are listed in the top row and leftmost column, where "TC" stands for tropical cyclone, "H"
stands for hurricane, and "MH" stands for major hurricane. Based on the estimated statistical degrees of
freedom in the smoothed series (N=29), all correlations are statistically significant at the one-sided p=0.10
2
level. r values greater than 0.09 are significant at the p=0.05 level, and those greater than 0.16 are
significant at the p=0.01 level. A similar plot for the unsmoothed annual counts is located in the appendix.
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Figure 4.5 Time series of basin-wide tropical cyclones (blue, left axis) and basin-wide hurricane landfalls
(green, right axis). Both time series are smoothed as described in the text. The squared correlation
2
coefficient between these two time series of counts is r = 0.22.

Not surprisingly, categories that are more similar (e.g. landfalling hurricanes and total
basin-wide hurricanes) show closer relationships. Conversely, more distantly related quantities
(e.g. landfalling major hurricanes and basin-wide TC counts) show weaker relationships. For
some of the more restrictive quantities (e.g. U.S. only landfalling major hurricanes), sample
sizes even on multidecadal timescales (e.g. on the order of two storms per decade) may simply
be too poor for large sample assumptions to hold.
Additional analyses of the landfall counts reveal that the two time series of total
landfalling hurricanes and major hurricanes are highly correlated (r2 > 0.70) with the respective
time series of United States landfalling hurricanes and major hurricanes. This close relationship
can be ascribed to the expansive nature of the United States' coastline, which spans thousands
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of kilometers along some of the more active parts of the North Atlantic Ocean and Gulf of
Mexico. In the millennial synthetic track database, 63.3% of all landfalling hurricanes and 65.2%
of all landfalling major hurricanes make their initial landfall in the United States.
These percentages are of course not constant, and may be affected both by random
atmospheric variability and, perhaps, modulation of prevailing tracking related to large-scale
climate phenomena such as ENSO and the NAO. On interannual timescales, such factors may
predominate, as was evident during the 2010 Atlantic Hurricane Season, which experienced
near record basin-wide TC counts, but only 4 landfalling hurricanes, none of which made
landfall along the U.S. coast. Yet on longer timescales, where sample sizes become larger, the
relationships between the various categories of storms are significant.
As noted above, the strong and statistically significant relationship between landfalling
hurricanes and basin-wide TC counts in these experiments offers some support to a number of
recent studies that have used coastal sediment records to produce long-term TC time series
from overwash deposits left by landfalling hurricanes (e.g. Woodruff et al. 2008; Mann et al.
2009a). Motivated by these previous studies, an additional "sediment" time series was created
from the synthetic TC dataset that contains only storms that would have been detected by these
sediment-sampling techniques. This time series includes the 145 hurricanes in the 1150-year
simulation that strike land with strong/major (at least category 2) intensity within a 270 kilometer
radius of the eight sediment sampling sites4 used in Mann et al. (2009). This procedure
produces a far more restrictive sample than for example landfalling storms alone, and not
surprisingly, the correlation between this sparsely populated "sediment" landfalling strong/major
hurricane series and basin-wide TC activity is lower; r=0.25 (r2 ≈ 0.06) and is just barely
significant at the one-sided p=0.1 level. The correlation is also substantially lower than that
(r=0.44) estimated by Mann et al. (2009) between actual landfalling strong/major hurricanes and
4

The sampling sites include: Mattapoisset, Massachusetts; Succotash, Rhode Island; Alder, New York; Whales, New
Jersey; Brigantine, New Jersey; Singleton Swash, South Carolina; Western Lake, Florida; and Vieques, Puerto Rico.
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basin-wide TCs over the past 1500 years. One possible explanation is that the relatively
unfavorable environment in the particular GCM analyzed (Community Atmospheric Model or
‗CAM‘) owing to unusually high climatological wind shear in the tropical Atlantic (see Emanuel et
al. 2008), generates too sparse a sample of storms (roughly 1 storm every 8 years) relative to
the real world, for any meaningful statistical analysis.
Finally, this study returns to the statistical modeling of various categories of Atlantic
landfalling TCs and hurricanes. Poisson regression techniques applied to these other categories
of TCs proved somewhat disappointing. Due to the greater role of random unresolved variability
within storm tracks and the smaller sample size of landfall events, the statistical models for
landfalling storms yield little evidence of statistical skill. (Table 4.2; additional skill diagnostics
are also tabulated in the appendix, Tables A.1-A.3). Even the best statistical model of landfalling
storms gives only r2=0.1024 resolved multidecadal variance, which is about one-third what was
found in the statistical modeling of basin-wide TCs. These results contrast with somewhat more
encouraging skill found for some of these categories of storms in the modern historical
observations, as discussed in chapter 2.
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Table 4.2 Mean squared error and squared Pearson's linear correlation coefficients obtained from
smoothed Poisson regression models. These models utilized the most skillful combination of predictors
for each TC predictand within the CSM 1.4 from 850-1999. These statistics are taken from only the most
skillful statistical model for each predictand. The validation statistics for the "rejected" models are found in
the appendix.
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Chapter 5
Conclusions
The results of the statistical analyses with HURDAT and observed climate predictors
confirm previous findings (e.g. Mann et al. 2007), that Atlantic basin-wide TC counts can be
skillfully modeled in terms of the MDR SST, ENSO, and the boreal winter post-season NAO
index, resolving roughly half of the total interannual variance in both calibration and crossvalidation. In the present analysis, the model is arguably more objectively selected, as these
three predictors have been chosen, through a forward stepwise screening regression approach,
from a larger set of potential predictors including other alternative predictors that have been
argued for in some previous studies. Adequacy tests suggest little evidence of any residual
unresolved structure in the resulting statistical model, hinting at the possibility that these three
climate predictors account for essentially all non-random year-to-year variability in Atlantic
basin-wide TC counts.
While some recent studies favor, based on certain physical arguments, the use of an
alternative ―relative‖ MDR SST index in place of absolute MDR SST as a predictor of TC activity
(Vecchi et al. 2008; Ramsay and Sobel 2010), the statistical results on the shorter observed
record do not support this choice. On the other hand, analyses of synthetic tropical cyclones
generated from a long simulation of one particular climate model (the NCAR CSM 1.4 coupled
model) do suggest greater predictive value using relative MDR SST. The lack of consistency
between these analyses underscores the importance of additional work, testing these
relationships with other long-term model simulations.
When observed Atlantic TCs are broken into four distinct ―flavors‖ of TCs through a
cluster analysis of Atlantic TCs detailed in previous work, the findings are not nearly as
consistent as they are with the total number of TCs in the historical record. Certain clusters,
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such as those representing storms largely of Gulf of Mexico and western Caribbean origin, show
no clear statistical relationship with any of the climate indices considered, which span the range
of indices that have been motivated for modeling Atlantic TCs in previous work. Other clusters,
associated for example with storms of tropical Atlantic origin, do appear to show some degree of
skillfulness in being modeled in terms of climate predictors. Improvements in modeling these
clusters might be possible by excluding subtropical storms that are likely not explained by
traditional climate state variables. These improvements might also be realized by removing
clusters from the basin-wide counts that are not closely related to ENSO and MDR due to their
location in the northern part of the basin (i.e. cluster 1). Most commonly, the same predictors
emerge (i.e. MDR SST, indices of ENSO, and indices of the NAO, usually in this order) in the
statistical models for the TC cluster series that emerged in the model for basin-wide TC counts.
However, under certain limited circumstances, for certain clusters, other predictors such as
Sahel rainfall, the AMM, or ―relative‖ MDR SST are selected in the statistical models.
While the analyses in chapter 2 indicate that basin-wide TC counts can be more skillfully
modeled than can individual ―cluster‖ flavors of TC counts, this by no means implies that
continuing work should focus on the former and not the latter. In many applications, it is as, if
not more, important to know not just how many TCs may form in a particular season, but what
types of TCs are likely to form and where they are likely to track. It would seem likely that
additional work could lead to improvements relative to the results presented here. There is
evidence in several of the analyses of TC cluster series of substantial unresolved, non-random
structure in the residual unexplained variability. One possible interpretation of this result is that
there are yet other climatic processes that may condition TC behavior in a given season that are
not captured by even the somewhat expansive pool of candidate predictors considered in this
thesis. Further correction of remaining biases, both in best-track TC records and the climate
predictors themselves, could potentially lead to improved results in modeling climate influences
on Atlantic TC behavior.
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The skillfulness of statistical models of TC counts based on modern observations carries
over, albeit with some caveats, to tests that are performed using a particular long-term climate
model simulation (NCAR CSM 1.4). In these tests, the variance captured by the statistical
models on multidecadal and longer timescales (roughly 30% resolved variance) is statistically
significant, though modestly lower than what is found using modern observations (for which
roughly 40-50% of the variance is captured in both calibration and cross-validation). One
possibility is that the climate factors (e.g. MDR SST and ENSO) governing interannual
variations in TC activity are not the same as those governing multidecadal and longer-term
variations in TC activity. Improvements in these statistical models might be made by considering
empirical orthogonal functions (EOF) of relevant model fields (such as SSTs and 850 hPa
winds) as candidate predictors. However, the fact that the skill at interannual timescales is
similarly low using the model simulated climate indices and synthetic TCs suggests that the
problem may instead lie with the particular simulation analyzed. The decrease in skill may
instead be attributed to imperfect representation of the climatology of the Atlantic Basin by the
community atmospheric model (CAM) used in the CSM 1.4 coupled model. One particular factor
may be the excessive in-season wind shear produced over the Atlantic in this climate model
projection (Vecchi and Soden 2007). As a result of this particular bias, community atmospheric
models performed rather poorly with the applied downscaling approach for the North Atlantic
basin in previous simulations of modern TC climatology (Emanuel et al. 2008). Future studies
may thus be able to improve upon the results presented here by employing atmospheric global
climate models (AGCMs) with better representations of tropical Atlantic climatology.
The model downscaling experiments nonetheless provide a particularly useful test bed
for examining relationships between various categories of basin-wide and landfalling TCs.
Despite the aforementioned spatial track biases and a lower percentage of TCs landfalls in our
simulation, comparisons between landfalling counts and basin-wide counts reveal that hurricane
landfalls within the realm of this downscaled model simulation are capable of tracking total
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basin-wide counts quite well on multidecadal and longer timescales. This finding provides some
support for the use of paleohurricane records to assess long-term changes in TC climatology.
This result may seem intuitive, as an increased population of tropical cyclones will lead to an
increase in hurricanes and likely hurricane landfalls, all other factors being equal, and at
multidecadal timescales sample sizes are large enough to make meaningful comparisons
between categories (e.g. landfalling hurricanes) that are rare—and thus dominated by purely
random year-to-year variation--at annual timescales. Some researchers (e.g. Landsea, pers.
comm.) have challenged the existence of such relationships based on interannual timescales
correlations during the modern historical period. Our analyses show, show that the longer-term
relationships resolvable using a millennial time frame are closer than the interannual
relationships between the same categories of storms. The ratio of basin-wide TCs that both
develop into hurricanes and make landfall does nonetheless vary over multidecadal timescales,
as it has shown to do in the modern instrumental record (Holland and Webster 2007) It is
possible that variations in climate, e.g. prevailing steering winds, influence hurricane
intensification and tracking are indeed influencing this ratio. Teasing apart the relative
importance of such factors will require additional work and similar analyses of other model
simulations and perhaps other downscaling techniques, to insure that the relationships between
various categories of storms are not an artifact of a particular model simulation or a particular
(e.g. beta and advection) downscaling approach.
Time series of annual landfall counts limited to just the United States do not track basinwide tropical cyclone counts quite as well. Nevertheless, United States landfalling hurricanes
and major hurricanes do relate quite well with basin-wide hurricane and major hurricane
landfalls respectively. Furthermore, experiments in statistical modeling of time series of landfall
counts using the millennial climate simulations and associated synthetic TC histories indicates
limited skill in modeling tropical storm landfalls with climate state variables, such as ENSO, on
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long timescales, consistent with evidence of limited skill in modeling such categories of TCs with
climate indices over the historical period (i.e. Chapter 2).
Ultimately, the analyses of a millennium-long record of tropical cyclone landfalls in the
Atlantic basin produced in this thesis provides the groundwork for analyses of landfall variability
that were previously impossible with the observational record. Of course, there are a number of
caveats that arise due to the idealized nature of the climate simulation and the applied
downscaling approach. For example, the community model produces far too much shear in the
Atlantic Basin leading to fewer TCs. Nonetheless, this thesis scratches the surface on the
subject of long-term TC and landfalling TC variability, providing an initial proof-of-concept, and
suggesting possible fruitful avenues to pursue in future work. Within this idealized climate
model, we present some initial results using this synthetic TC dataset to address issues
involving the climate factors responsible for long-term changes in TC activity, and the sampling
statistics involved in relating basin-wide TC and landfalling hurricane activity. This particular
dataset should also prove useful for investigating a wider set of questions regarding climate/TC
relationships, including behavior in other basins. This same framework, applied to other longterm climate model simulations, should provide a greater variety of synthetic datasets of this
sort that can be mined to address fundamental question regarding climate/TC relationships.
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Appendix:
Supporting Figures and Tables

Table A.1 Results of calibration and cross validation tests employed in the statistical modeling exercises
for the "lightly adjusted", "heavily adjusted", and unadjusted basin-wide TC counts. The various statistics
tabulated as defined in the main article. Predictors are indicated in the order they are selected in the
2
forward stepwise screening regression. The results of the χ tests are measured with respect to the
probability () of rejecting the relevant null hypothesis. As values of fit approach 0, the probability that
such a skillful model would arise from chance alone becomes increasingly low. As values of adequacy
approach 1, the probability that residual unresolved variance consistent with purely random Poisson
process behavior becomes increasingly high.
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Figure A.1 Basin-wide tropical cyclone (blue), hurricane (green), and major hurricane (red) annual counts
generated within the CSM 1.4 by the downscaling methods described in the text. These counts also are
smoothed using the techniques described in the text.
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DJFM NAO
Observational NAO
Model derived NAO

Years
1870-2007
850-1998
1870-1998

Mean Standard Deviation Maximum
0.47
1.07
3.16
0.24
0.32

0.91
0.86

2.73
1.95

Minimum
-2.32
-2.50
-2.50

DJFM Nino3
Observational Nino3
Model derived Nino3

Years
1870-2007

Mean Standard Deviation Maximum
-0.13
0.91
3.09

850-1998
1870-1998

-0.43
-0.22

0.69
0.64

1.73
1.54

Minimum
-1.61
-3.07
-1.77

ASO MDR SST
Observational MDR SST
Model derived MDR SST

Years
1870-2007

Mean Standard Deviation Maximum
-0.05
0.31
0.78

850-1998
1870-1998

-0.14
-0.04

0.28
0.25

0.66
0.51

Minimum
-0.70
-2.14
-0.86

ASO MDR Relative SST
Observational MDR Relative SST
Model derived MDR Relative SST

Years
1870-2007
850-1998
1870-1998

Mean Standard Deviation Maximum
0.07
0.21
0.62
0.14
0.07

0.20
0.21

0.73
0.53

Minimum
-0.42
-0.59
-0.59

DJF Nino Slope
Observational MDR Relative SST
Model derived MDR Relative SST

Years
1870-2007

Mean Standard Deviation Maximum
0.04
0.96
3.11

850-1998
1870-1998

-0.31
-0.24

1.15
1.08

4.14
2.84

Minimum
-1.70
-4.06
-2.57

Table A.2 Comparison between the long-term model-derived climate variables and their observational
counterparts, as defined in chapter 3. Statistics shown in this table include the mean, standard deviation,
and extreme values.
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2

Table A.3 Squared Pearson's Linear Correlation Coefficients (r ) between various unsmoothed annual
tropical cyclone counts (all correlations are positive). The two different time series of counts used in each
calculation are listed in the top row and leftmost column, where "TC" stands for tropical cyclone, "H"
stands for hurricane, and "MH" stands for major hurricane.
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Table A.4 Statistics from Poisson regression of (a) hurricane and (b) major hurricane counts from 8501999 using climate predictors calculated from parameters within the CSM 1.4. Every univariate, bivariate,
and trivariate predictor combination (left column) are used to find the most skillful model for each
predictand. Mean squared error and the Pearson's linear correlation coefficients calculated for the
smoothed statistical models and smoothed predictands are shown for each model in the right hand
column. The most skillful statistical model is shown in red text.
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Table A.5 Statistics from Poisson regression of (a) basin-wide hurricane landfall and (b) basin-wide major
hurricane landfalls counts from 850-1999 using climate predictors calculated from parameters within the
CSM 1.4. Every univariate, bivariate, and trivariate predictor combination (left column) are used to find the
most skillful model for each predictand. Mean squared error and the Pearson's linear correlation
coefficients calculated for the smoothed statistical models and smoothed predictands are shown for each
model in the right hand column. The most skillful statistical model is shown in red text.
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Table A.6 Statistics from Poisson regression of (a) US TC landfall, (b) US hurricane landfall, and (c) US
major hurricane landfall counts from 850-1999 using climate predictors calculated from parameters within
the CSM 1.4. Every univariate, bivariate, and trivariate predictor combination (left column) are used to find
the most skillful model for each predictand. Mean squared error and the Pearson's linear correlation
coefficients calculated for the smoothed statistical models and smoothed predictands are shown for each
model in the right hand column. The most skillful statistical model is shown in red text.
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