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Abstract

Statistical models can replicate annual North Atlantic hurricane activity from large-scale
environmental ﬁeld data for August and September, the months of peak hurricane activity. We assess how
well the six environmental ﬁelds used most often in contemporary statistical modeling of seasonal hurricane
activity replicate North Atlantic hurricane numbers and Accumulated Cyclone Energy (ACE) over the 135 year
period from 1878 to 2012. We ﬁnd that these ﬁelds replicate historical hurricane activity surprisingly well,
showing that contemporary statistical models and their seasonal physical links have long-term robustness.
We ﬁnd that August–September zonal trade wind speed over the Caribbean Sea and the tropical North
Atlantic is the environmental ﬁeld which individually replicates long-term hurricane activity the best and that
trade wind speed combined with the difference in sea surface temperature between the tropical Atlantic and
the tropical mean is the best multi-predictor model. Comparing the performance of the best single-predictor
and best multi-predictor models shows that they exhibit little difference in hindcast skill for predicting
long-term ACE but that the best multipredictor model offers improved skill for predicting long-term
hurricane numbers. We examine whether replicated real-time prediction skill 1983–2012 increases as the
model training period lengthens and ﬁnd evidence that this happens slowly. We identify a dropout in
hurricane replication centered on the 1940s and show that this is likely due to a decrease in data quality
which affects all data sets but Atlantic sea surface temperatures in particular. Finally, we offer insights on the
implications of our ﬁndings for seasonal hurricane prediction.

Plain Language Summary Many universities, government agencies and private companies issue
seasonal outlooks for North Atlantic hurricane activity. However, the longer-term historical robustness of
these models and their skill is unknown. Clarity on this matter is desirable because current seasonal
hurricane outlooks are built on data which extend back, at best, only to the 1950s, and because
predictors which are identiﬁed from data which span only a few decades can sometimes later fail. Here
we assess how well annual North Atlantic hurricane activity is replicated over an extended 135-year
period from 1878 to 2012; this by using statistical models and the large-scale environmental ﬁelds used
most often in contemporary statistical modeling of seasonal hurricane activity. We ﬁnd that these
environmental ﬁelds replicate historical hurricane activity surprisingly well, showing that contemporary
statistical models and their seasonal physical links have long-term robustness. We ﬁnd that trade wind
speed over the Caribbean Sea and the tropical North Atlantic is the environmental ﬁeld which individually
replicates long-term hurricane activity the best. We identify a dropout in hurricane replication centered on
the 1940s and show that this is likely due to a decrease in data quality which affects all data sets but
Atlantic sea surface temperatures in particular.
1. Introduction
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Statistical modeling of North Atlantic hurricane activity was initiated by William Gray at Colorado State
University (CSU) in 1984 [Gray, 1984b]. Gray’s pioneering work established the ﬁeld of seasonal hurricane
forecasting. Now many universities, government agencies, and private companies issue seasonal outlooks
for North Atlantic hurricane activity. Most of the models which these outlooks employ are statistical in form.
An assessment of the skill of the statistical seasonal hurricane outlooks issued publicly in real time by three
organizations between 2003 and 2014 shows that moderate-to-good forecast skill is achieved by the start
of the main hurricane season in early August and that forecast skill extends back to early April for the best
performing model [Klotzbach et al., 2017]. Retrospective forecasts by a statistical-dynamical model for the
1982–2009 period indicate that skillful seasonal hurricane predictions may extend back to November of
the previous year [Vecchi et al., 2011].
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Despite the skill shown by contemporary statistical seasonal hurricane forecast models, the longer-term historical robustness of these models and their skill is unknown. Clarity on this matter is desirable because current models are built on data extending back, at best, only to the 1950s, and predictors which are identiﬁed
from data which span only a few decades can sometimes later fail. Examples of such predictor failures are the
stratospheric quasi-biennial oscillation extrapolated to September (from the prior November) and west
African monsoon rainfall from the prior August–November. These predictors had statistically signiﬁcant links
to hurricane activity between the 1950s and 1980s [Gray et al., 1992; Landsea and Gray, 1992] but failed thereafter [Klotzbach and Gray, 2004; Camargo and Sobel, 2010]. The recent availability of global climate reanalysis
data [Compo et al., 2011] extending back into the 1800s combined with improvements in the historical quality of the North Atlantic hurricane database [Landsea and Franklin, 2013] provide the opportunity for the longterm robustness of contemporary statistical seasonal hurricane forecast predictors to be assessed.
Two principles underpin the ability of statistical models to forecast seasonal hurricane activity. First, a large
proportion of the variance in this activity can be replicated by using large-scale environmental ﬁelds from
the tropical North Atlantic and Caribbean Sea for August and September, the months of peak hurricane activity [Gray, 1984a; Gray et al., 1993; Gray et al., 1994; Saunders and Harris, 1997; Klotzbach, 2007; Saunders and
Lea, 2008; Vecchi et al., 2008; Klotzbach, 2011; Ramsay and Sobel, 2011; Vecchi et al., 2011]. Second, these environmental ﬁelds are predictable months into the future. Our study concerns the validity of the ﬁrst principle
which we explore by examining the long-term strength, signiﬁcance, and stability of the links between environmental ﬁelds and annual hurricane activity for the 135 year period from 1878 to 2012.
The primary aim of our study is to assess how well annual North Atlantic hurricane activity is replicated over an
extended 135 year period by using statistical models and the large-scale environmental ﬁelds used most often
in contemporary statistical modeling of seasonal hurricane activity. Our work also offers insights for steering
future statistical seasonal hurricane modeling by (1) examining whether the best multi-predictor model offers
better skill than the best single-predictor model, (2) examining the inﬂuence of training period length on prediction skill, and (3) examining the cause of a dropout in hurricane activity replication skill centered on the 1940s.
The manuscript is structured as follows. Section 2 describes the six large-scale environmental ﬁelds that
we use in replicating historical hurricane activity. Section 3 describes the data sets that we employ for
the hurricane and environmental ﬁeld data, and section 4 describes the methods which underpin our
analyses. Section 5 describes our main ﬁndings on how well long-term hurricane activity is replicated
using statistical models and the large-scale environmental ﬁelds, and also compares the performance of
single-predictor and multi-predictor models. Section 6 describes our ﬁndings relating to the inﬂuence
of training period length on seasonal prediction skill. Section 7 addresses the nature and cause of temporal changes in the level of historical hurricane activity replication. Section 8 provides insights on
whether the availability of longer time period data will improve current seasonal hurricane prediction skill.
Section 9 describes the main conclusions.

2. Environmental Variables
Table 1 lists the six environmental ﬁelds and their associated regions that we examine in replicating seasonal
North Atlantic hurricane activity between 1878 and 2012. These environmental ﬁelds are selected because
they are used regularly in contemporary statistical modeling of seasonal hurricane activity and because they
are available back to 1878 underpinned by observations. The six ﬁelds divide into three classes which comprise two atmospheric ﬁelds, two sea surface temperature (SST) ﬁelds, and two ﬁelds related to El Niño–
Southern Oscillation (ENSO). Our study examines August–September conditions for all ﬁelds because these
months replicate slightly more variance in North Atlantic hurricane activity than do August–September–
October conditions for these same ﬁelds.
The two atmospheric ﬁelds assessed are the anomaly in the low-level zonal trade wind speed, uT, at 950 hPa
over the Caribbean Sea and tropical North Atlantic [Saunders and Lea, 2008; Klotzbach, 2011], and the anomaly in sea level pressure (SLP) over the tropical North Atlantic (region 10–20°N, 20–60°W; termed here the hurricane main development region (MDR)) [Klotzbach, 2007]. The zonal trade wind inﬂuences cyclonic vorticity
and vertical wind shear over the main hurricane track region [Saunders and Lea, 2008] and the size of the
Atlantic Warm Pool [Wang and Lee, 2007], which is linked to levels of hurricane activity. This environmental
ﬁeld has been employed in seasonal hurricane forecasts by Tropical Storm Risk (TSR) since 2002 and by
SAUNDERS ET AL.
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Table 1. Environmental Fields Used to Replicate Seasonal North Atlantic Hurricane Activity
Environmental Field

Region

Aug–Sep 950 hPa uT
Aug–Sep SLP
Aug–Sep MDR SST

7.5–17.5°N, 30–100°W
10–20°N, 20–60°W
10–20°N, 20–60°W

Reference

Saunders and Lea [2008] and Klotzbach [2011]
Klotzbach [2007]
Saunders and Harris [1997] and
Saunders and Lea [2008]
Aug–Sep Relative SST 10–25°N, 20–80°W minus 30°S-30°N, 0–360°W Vecchi et al. [2008] and Ramsay and Sobel [2011]
Aug–Sep Niño 3.4 SST
5°S-5°N, 120–170°W
Gray [1984a] and Klotzbach [2007]
Aug–Sep SOI
Tahiti SLP minus Darwin SLP
Gray et al. [1993] and Gray et al. [1994]
a

uT, SLP, MDR, SST and SOI signify zonal trade windspeed, sea level pressure, hurricane main development region, sea
surface temperature and Southern Oscillation Index respectively.

CSU since 2012 [Klotzbach et al., 2017]. The SLP ﬁeld over the MDR is associated with anomalous atmospheric
stability, vertical motion, and midlevel moisture [Knaff, 1997; Klotzbach, 2007]; conditions which inﬂuence
levels of seasonal hurricane activity [Gray, 1968]. This environmental ﬁeld has been employed by CSU to
replicate seasonal hurricane activity since 2006 [Klotzbach, 2007].
The two SST ﬁelds examined are the anomaly in the MDR SST [Saunders and Harris, 1997; Saunders and Lea,
2008] and the anomaly in the SST difference between the tropical Atlantic and the tropical global mean (also
termed the Relative SST) [Vecchi et al., 2008; Ramsay and Sobel, 2011]. A warmer tropical North Atlantic provides heat and moisture to help power the development of storms within the MDR [Shapiro and Goldenberg,
1996; Saunders and Lea, 2008] and to increase the maximum potential intensity that these storms can achieve
[Emanuel, 1988]. A sensitivity analysis indicates that after removal of the inﬂuence of uT, a 0.5°C increase in
August–September MDR SST is linked to a ~40% increase in hurricane frequency/activity [Saunders and Lea,
2008]. MDR SST has been employed in seasonal hurricane forecasting by TSR since 2002. Relative SST provides
an alternative interpretation between SST and seasonal hurricane activity. The parameter may be viewed as an
index of anomalous Walker circulation between the tropical Paciﬁc and tropical Atlantic caused by an anomalous longitudinal difference in SST. This interpretation is supported by the strong correlation between Relative
SST and August–September uT at 950 hPa (rrank = 0.78; 1950–2012 data). Relative SST is also associated with
changes in vertical wind shear and atmospheric circulation over the tropical North Atlantic [Vecchi et al., 2008].
The two August–September ﬁelds related to ENSO that we assess are the Niño 3.4 SST and the Southern
Oscillation Index (SOI). The SOI [Troup, 1965] is included in order to allay potential concerns over the historical
accuracy of Niño 3.4 SST data. August–September Multivariate ENSO Index (MEI) data [Wolter and Timlin,
1998, 2011] are also examined but are not displayed. The MEI is a comprehensive ENSO index which incorporates multiple atmospheric and SST ENSO components [Wolter and Timlin, 2011]. The inﬂuence of ENSO on
Atlantic hurricane activity has been recognized since the pioneering paper by Gray [1984a]. ENSO causes
an anomalous Walker circulation which, in turn, leads to anomalous upper tropospheric zonal winds and
anomalous vertical wind shear over the Caribbean and tropical North Atlantic [Gray, 1968; DeMaria, 1996].
ENSO events are also associated with anomalous upper tropospheric temperatures and changes in the rate
of subsidence and atmosphere stability over the Caribbean and tropical Atlantic, which in turn can inﬂuence
seasonal hurricane activity [Tang and Neelin, 2004].

3. Data
The following data sets and procedures are employed. For North Atlantic hurricane activity we use the HURDAT2
(HURricane DATa second generation) database [Landsea and Franklin, 2013]. The two measures of annual hurricane activity assessed are the annual Accumulated Cyclone Energy (ACE) and the annual number of hurricanes. ACE is a measure of total overall hurricane activity used by the National Oceanic and Atmospheric
Administration (NOAA). ACE combines the intensity and duration of all North Atlantic named tropical storms
into a single value and is deﬁned as the sum of the squares of the maximum sustained surface wind speed
(knots) measured every 6 h for all annual named storms while they are at least tropical storm in strength [Bell
et al., 2000]. In addition to examining the annual “raw” hurricane numbers from HURDAT2, we also examined
annual “adjusted” hurricane numbers. For adjusted hurricane numbers we employed the values provided by
Vecchi and Knutson [2011], which correct for missed hurricanes in the presatellite era between 1878 and 1965.
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Figure 1. Nature of the data time series between 1878 and 2012. The panels display (a) the anomalies in the North Atlantic ACE index, (b) the anomalies in the
adjusted number of North Atlantic hurricanes, and (c–h) the anomalies in each of the six environmental ﬁelds used to replicate annual North Atlantic hurricane
4
2
activity. The data anomalies are relative to the following 1878–2012 climate norms: 106 × 10 kts (annual ACE), 6.6 (annual adjusted hurricane numbers),
1
4.19 ms (August–September 950 hPa uT), 1013.35 hPa (August–September SLP), 0.04°C (August–September MDR SST), 0.12°C (August–September Relative SST),
0.19°C (August–September Niño 3.4 SST), and 0.19 (August–September SOI).

For the atmospheric wind and sea level pressure environmental ﬁelds, we employ monthly data from the
NOAA 20th Century Global Reanalysis Version 2c (20CR V2c) data set [Compo et al., 2011]. This reanalysis
assimilates surface observations of synoptic pressure with monthly SST and sea ice distribution data to produce global atmospheric data ﬁelds. We also examine the same atmospheric ﬁelds from the 20CR V2 and
ERA-20C [European Centre for Medium-Range Weather Forecasts, 2014] twentieth century global atmospheric
reanalyses for the period 1900–2010 to reafﬁrm that the ﬁndings obtained with 20CR V2c are not sensitive to
the atmospheric reanalysis used. For the two SST ﬁelds and for the ENSO Niño 3.4 SST index we employ
monthly data from the HadSST3 data set [Kennedy et al., 2011a, 2011b]. HadSST3 attempts to minimize the
effects of changes in instrumentation over the historical record. We obtain monthly data for the SOI—deﬁned
as the standardized anomaly of the mean sea level pressure difference between Tahiti and Darwin—from the
Australian Bureau of Meteorology [2014].
Although the HURDAT2, 20CR V2c, HadSST3, and SOI historical data all commence before 1878, we begin our
analysis in 1878 as this is the ﬁrst year for which Vecchi and Knutson [2011] provide adjusted hurricane numbers. The year 1878 is when the US Signal Corps began the systematic tracking of hurricanes [FernándezPartagás and Diaz, 1996]. Our analysis ends in 2012 as the 20th Century Reanalysis data were only available
up to this year when our main work was conducted. The HURDAT2, 20CR V2c, 20CR V2, ERA-20C, and
HadSST3 data that we employ were all accessed in December 2015.
Figure 1 shows the data time series from 1878 to 2012 for the two measures of annual North Atlantic hurricane
activity and for the six environmental ﬁelds examined herein. These time series are displayed as anomalies
SAUNDERS ET AL.
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relative to each data set’s 1878–2012 climate norm. The ﬁgure clariﬁes the anticipated quality and temporal
variability of these eight data sets over the 135 year study period. The time series all exhibit substantial
year-to-year variability, and several also show multidecadal variability. There are a few outlier data records
which appear questionable and are suggestive of incorrect data; notably the 1.58°C and 1.33°C anomalies present in the August–September MDR SST in 1945 and 1878, respectively, the 1.19°C anomaly present in the
August–September Relative SST in 1878, and the 32.3 anomaly present in the SOI in 1917. Also, the two measures of North Atlantic hurricane activity appear inconsistent before ~1895 with hurricane numbers (adjusted)
showing a higher level of activity than indicated by ACE. These issues show that the data quality is not perfect
and suggest that uncertainties in the data likely increase as one goes back in time. Nevertheless the visual
impression provided by Figure 1 is that the eight time series appear, in general, to be reasonable and useable.

4. Methods
The strength and signiﬁcance of the links between the six environmental ﬁelds in Table 1 and North Atlantic
hurricane activity between 1878 and 2012 are computed as follows. The strength of each association is given
as the running 30 year Spearman rank correlation, rrank, value computed from the annual time series of each
environmental ﬁeld and each hurricane activity measure. The signiﬁcance of each association is given by the
rrank p value computed using the methods described in Saunders and Lea [2005] (see their methods subsections therein headed “serial autocorrelation” and “signiﬁcances”).
The replication of seasonal hurricane activity is made using linear regression models. These models use either
single or multiple environmental ﬁelds from Table 1 as predictors and satisfy the validity assumptions for
ordinary least squares linear regression [Freund and Wilson, 1998; Wilks, 2011]. Because ACE, the number of
hurricanes, and the adjusted number of hurricanes all have a positively skewed distribution, their distributions do not pass the test for normality for any time period examined. To ensure that observations are drawn
from a normal distribution and the hindcast errors are normally distributed with a mean of zero (both requirements of linear regression modeling), we transform both distributions to a normal distribution using the
square root function. We test for normality using the Kolmogorov-Smirnov test. The linear regression modeling is performed on these transformed data to produce hindcasts, which are then transformed back before
the hindcast skill is computed.
Hindcasts of hurricane activity are made in two ways. The ﬁrst method is cross validation with block elimination as described in Saunders and Lea [2005] (see their methods section, “cross-validated hindcasts” subsection). This hindcast skill is assessed and compared for three periods: 1878–2012, 1878–1949, and 1950–2012.
The split of the two shorter periods is chosen on the basis that hurricane replication skill has not been
assessed before 1950 to our knowledge. The second hindcast method is called replicated real-time forecasts
[Lloyd-Hughes et al., 2004]. In this method linear regression modeling is performed only on data prior to the
year being hindcast and the training period increases 1 year at a time as each hindcast is made. Replicated
real-time forecast skill is assessed for the 30 year period 1983–2012 using three different lengths of model
training: T1878 which uses training data initiated in 1878, T1950 which uses training data initiated in 1950,
and T15yr which uses a rolling prior 15 year trained model. Thus, taking T1878, for example, one uses
1878–1982 data to predict 1983, 1878–1983 data to predict 1984, through to 1878–2011 data to predict 2012.
Hindcast skill is assessed using three skill measures: the mean square error (MSE) between the hindcast and
observed values, the correlation (rrank) between the hindcast and observed values, and the mean square skill
score (MSSS) deﬁned as the percentage reduction in mean square error of the model hindcasts compared to
hindcasts made with the period mean or climatology value. MSSS is the skill metric recommended by the
World Meteorological Organization for veriﬁcation of deterministic seasonal forecasts [World Meteorological
Organization, 2002]. Hindcast signiﬁcance (p value) is computed from bootstrapped estimates of rrank as
described in Saunders and Lea [2005] (see their methods section, “signiﬁcances” subsection, paragraph two).

5. Replicating Historical Seasonal Hurricane Activity
This section quantiﬁes how well historical seasonal hurricane activity is replicated by using single environmental ﬁelds (section 5.1) and by using a combination of environmental ﬁelds (section 5.2). The section then
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Figure 2. The hindcast error time series between 1878 and 2012 obtained with each environmental ﬁeld. (a–f) The six panels display by environmental ﬁeld the hindcast errors in the North Atlantic ACE index (purple lines) and the hindcast errors in the adjusted number of North Atlantic hurricanes (green lines). The mean square
error (MSE) of the 135 year hindcast errors for each hurricane activity measure is included in the top corners of each panel.

compares the performance of the best single-predictor model with the best multipredictor model (section 5.3).
These assessments are made for the three data periods of 1878–2012, 1878–1949, and 1950–2012.
5.1. Using Single Environmental Fields
We ﬁrst introduce the performance of the six environmental ﬁelds in replicating North Atlantic hurricane
activity and follow this with more detailed analyses and results. Figure 2 displays the hindcast error time
series for ACE and adjusted hurricane numbers obtained statistically with each environmental ﬁeld in
Table 1 for 1878–2012. These hindcasts are made by using linear regression modeling with cross validation (section 4). The 135 year hindcast skills are displayed in each panel in terms of MSE. Careful inspection of Figure 2 reveals differences in performance with certain environmental ﬁelds exhibiting greater
hindcast errors than other ﬁelds. Trade wind speed is the environmental ﬁeld which replicates long-term
hurricane activity the best, as it has the lowest MSE for both ACE and adjusted hurricane numbers. The
two ENSO ﬁelds individually perform worst in replicating long-term hurricane activity. In general, the
hindcast error time series appear to be temporally stable. However, there are periods common to several
environmental ﬁelds where the hindcast errors are larger, for example, around World War 2 and before
~1890 for adjusted hurricane numbers.
Figure 3 and Table 2 quantify in more detail than Figure 2 how well the six environmental ﬁelds individually
replicate historical seasonal hurricane activity. Figure 3 displays the strength (rrank) and signiﬁcance (p value)
of the links between each environmental ﬁeld and the two measures of hurricane activity—ACE and the
“adjusted” number of hurricanes—for running 30 year intervals across the 135 year period. Table 2 shows
the predictive (cross-validated hindcast) skill and signiﬁcance for these same measures of hurricane activity
computed from each environmental ﬁeld for each of the three data periods. Using “raw” hurricane numbers
instead of adjusted hurricane numbers produces similar results to Figure 3 over the 135 year period (see
Figure S1 in the supporting information). There are four main ﬁndings evident from Figure 3 and Table 2:
1. The six environmental ﬁelds provide good replication of North Atlantic hurricane numbers and ACE over
the extended period from 1878 to 2012. This ﬁnding is clearest for the two atmospheric ﬁelds and occurs
despite an anticipated decrease in data quality as one goes back in time. Each environmental ﬁeld provides signiﬁcant hindcast predictive skill (p value ≤ 0.05) for ACE and adjusted hurricane numbers over
the full 135 year period. There is also signiﬁcant predictive skill provided by the 950 hPa uT, SLP, and
Relative SST ﬁelds for both of the shorter periods of 1878–1949 and 1950–2012.
SAUNDERS ET AL.
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Figure 3. The strength, signiﬁcance, and stability of the links between the six environmental ﬁelds in Table 1 and North Atlantic hurricane activity between 1878 and
2012. The environmental ﬁelds are grouped by type into three columns: (a, b) atmospheric ﬁelds (left column), (c, d) SST ﬁelds (center column), and (e, f) ENSO
ﬁelds (right column). The two measures of hurricane activity examined are ACE (solid lines) and the number of adjusted hurricanes (dashed lines). The strength and
signiﬁcance of the associations are shown respectively by rank correlations (blue lines) and by p values (red lines). Values are computed for running 30 year periods.
“AS” signiﬁes August–September.

2. Historical hurricane activity is replicated best by the August–September zonal trade wind speed over
the Caribbean Sea and tropical North Atlantic. This environmental ﬁeld gives more predictive skill for
ACE and adjusted hurricane numbers than any other environmental ﬁeld in Table 1. This result is
found for the 135 year period and for both shorter periods therein. For the 135 year period the trade
Table 2. Predictive Skill for the North Atlantic ACE Index and Adjusted Number of Hurricanes From Single
a
Environmental Fields
ACE Hindcast Skill
and Signiﬁcance
Predictor
950 hPa uT

SLP

MDR SST

Relative SST

Niño 3.4 SST

SOI

Number of Adjusted Hurricanes
Hindcast Skill and Signiﬁcance

Period

MSSS (%)

rrank

p value

MSSS (%)

rrank

p value

1878–2012
1878–1949
1950–2012
1878–2012
1878–1949
1950–2012
1878–2012
1878–1949
1950–2012
1878–2012
1878–1949
1950–2012
1878–2012
1878–1949
1950–2012
1878–2012
1878–1949
1950–2012

41
32
41
25
19
29
14
0
29
22
17
35
1
2
0
4
0
0

0.69
0.62
0.77
0.52
0.47
0.61
0.42
0.29
0.53
0.51
0.43
0.63
0.25
0.35
0.19
0.34
0.32
0.29

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
0.02
0.002
<0.001
<0.001
<0.001
0.004
0.003
0.16
<0.001
0.01
0.04

41
39
42
24
11
31
15
4
31
38
30
48
5
0
2
4
0
1

0.63
0.61
0.69
0.47
0.32
0.58
0.37
0.30
0.50
0.61
0.54
0.66
0.30
0.26
0.27
0.24
0.11
0.25

<0.001
<0.001
<0.001
<0.001
0.02
<0.001
0.007
0.08
0.002
<0.001
<0.001
<0.001
<0.001
0.03
0.07
0.006
0.39
0.08

a

August–September ﬁeld values are used for the ‘predictors’. Hindcast predictive skill is given by the mean square skill
score (MSSS) and by the rank correlation between the predicted and actual time series (rrank). The data period gives the
climatology for MSSS.
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Table 3. Predictive Skill for the North Atlantic ACE Index and Adjusted Number of Hurricanes From Combinations of Two
a
and Three Environmental Fields
ACE Hindcast Skill
and Signiﬁcance
Predictors
950 hPa uT and SLP

950 hPa uT and MDR SST

950 hPa uT and Relative SST

SLP and MDR SST

SLP and Relative SST

950 hPa uT, SLP and MDR SST

950 hPa uT, SLP and Relative SST

a

Number of Adjusted Hurricanes
Hindcast Skill and Signiﬁcance

Period

MSSS (%)

rrank

p value

MSSS (%)

rrank

p value

1878–2012
1878–1949
1950–2012
1878–2012
1878–1949
1950–2012
1878–2012
1878–1949
1950–2012
1878–2012
1878–1949
1950–2012
1878–2012
1878–1949
1950–2012
1878–2012
1878–1949
1950–2012
1878–2012
1878–1949
1950–2012

40
30
39
40
28
33
43
36
38
28
14
27
33
28
36
39
26
31
42
34
36

0.69
0.63
0.75
0.69
0.61
0.75
0.70
0.63
0.77
0.60
0.51
0.64
0.61
0.60
0.67
0.69
0.61
0.74
0.70
0.63
0.74

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

40
37
39
41
38
41
50
48
47
29
13
34
44
34
48
40
37
38
50
47
46

0.63
0.58
0.66
0.64
0.60
0.68
0.70
0.65
0.71
0.54
0.42
0.61
0.65
0.58
0.68
0.63
0.58
0.66
0.69
0.65
0.68

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
0.009
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

All parameters are deﬁned as in Table 2.

wind’s predictive skill for ACE is rrank = 0.69; a value which we anticipate would increase if data errors
could be removed.
3. The strength of the links between the environmental variables and historical seasonal hurricane activity
appears, in general, to be nonconstant over the 135 year period. The SST ﬁelds in particular show a significant dropout in rrank for 30 year periods between 1913–1942 and 1948–1977 (Figures 3c and 3d). A smaller dropout in rrank is seen in the two atmospheric variables across these same periods (Figures 3a and 3b).
4. The signiﬁcant ENSO link to hurricane activity that is widely documented to occur in recent decades
becomes weaker and insigniﬁcant during 30 year periods between 1913–1942 and 1963–1992
(Figures 3e and 3f). MEI data (not shown) conﬁrm the same historical dropout in the strength and signiﬁcance of the ENSO link to hurricane activity.
5.2. Using Combinations of Environmental Fields
Table 3 quantiﬁes in the same format as Table 2 how well combinations of the six environmental ﬁelds in
Table 1 replicate historical seasonal hurricane activity. Predictive skills are displayed for ﬁve combinations of
two environmental ﬁelds and for two combinations of three environmental ﬁelds. These combinations are
selected as they offer the highest hindcast skills. The two main ﬁndings evident from Table 3 are as follows:
1. The best multipredictor model is AS 950 hPa zonal trade wind speed combined with the difference in AS
SST between the tropical Atlantic and the tropical global mean. This is the case for the 1878–2012 full period and for the 1878–1949 historical period. However, for the more recent 1950–2012 period, other multiﬁeld combinations offer similar predictive skill.
2. Using more than two environmental ﬁelds does not lead to any noticeable further increase in hindcast
skill. This outcome may be expected because the best multi-predictor model already exhibits sizeable skill,
and with the six environmental ﬁelds not being independent, there is little additional independent skill
that may be added.
5.3. Comparing Best Single-Predictor and Best Multi-Predictor Models
Figure 4 compares the performance of the best single-predictor model (AS 950 hPa uT) in replicating North
Atlantic hurricane activity 1878–2012 with the performance of the best multi-predictor model (AS 950 hPa
uT and AS Relative SST). A comparison of Tables 2 and 3 is also relevant. The two main ﬁndings are as follows:
SAUNDERS ET AL.
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1. For long-term ACE there is little
difference in the replication skill
and signiﬁcance between using
the best single-predictor model
and the best multi-predictor
model. Taking the MSSS (%) skill
metric, the mean difference in
MSSS between the two models
for the three periods (1878–2012,
1878–1949, and 1950–2012) is just
1%.
2. For long-term adjusted hurricane
numbers the best multi-predictor
model offers improved replication
skill compared to the best singlepredictor model. Here the mean
difference in MSSS between the
two models for the three periods
is 8%. This result arises because
AS Relative SST individually has
more hindcast skill for adjusted
hurricane numbers than for ACE
(Table 2).
In contrast, the ﬁve other environmental predictors in Table 2 have
comparable hindcast skill for ACE
and adjusted hurricane numbers. A
Figure 4. Comparison of the performance of the best multi-predictor statis- further ﬁnding of note is that while
tical model (AS 950 hPa uT and AS Relative SST) and the best single-predictor
there is little difference in the temstatistical model (AS 950 hPa uT) in replicating North Atlantic hurricane
poral stability of the ACE replication
activity 1878–2012. The two measures of hurricane activity examined are
skill across the 135 year historical perACE (purple lines) and number of adjusted hurricanes (green lines). The
replication skill is assessed using mean square skill score (Figure 4a) and rank iod between using the best singlecorrelation (Figure 4b). Values are computed for running 30 year periods.
predictor model and the best multipredictor model, this is not the case
for adjusted hurricane numbers. For the latter measure of hurricane activity, the dropout in replication skill
for 30 year periods between 1913–1942 and 1948–1977 noted in Figures 3c and 3d is more prominent for
the best multi-predictor model than for the best single-predictor model. This is evident by comparing the
solid and dashed green lines in Figure 4. An explanation for this ﬁnding is discussed in section 7.

6. Inﬂuence of Model Training Period Length on Replicated Real-Time Skill
1983–2012
Our use of 135 years of historical data permits examination of the inﬂuence of model training period length
on skill. Although it is physically reasonable to anticipate that model skill will grow as the training period
length increases, this outcome has not been examined before due to the shortness of the previously studied
data records. We examine this outcome by testing whether the replicated real-time prediction skill for the
1983–2012, 30 year period increases as the model training period lengthens. Our assessment is made for
the three training period lengths of T1878, T1950, and T15yr deﬁned in section 4 and for the best singlepredictor and best multipredictor models identiﬁed in section 5. Our replicated real-time forecast methodology is described in section 4. Table 4 displays our ﬁndings. Overall, we ﬁnd evidence that real-time prediction
skill increases, albeit slowly, as the model training period length increases from 15 years to ≥105 years.
Considering the MSSS (%) skill metric and taking the mean of the ACE and hurricane number hindcast skills
for both models, there is a 6% mean improvement in going from T15yr to T1950, and a 10% mean improvement in going from T15yr to T1878. However, this increase is more pronounced for the ACE hindcast skill than
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a

Table 4. Assessment of the Inﬂuence of Model Training Period Length on Predictive Skill
ACE Hindcast Skill
and Signiﬁcance

Number of Adjusted Hurricanes
Hindcast Skill and Signiﬁcance

Predictor(s)

Model Training

MSSS (%)

rrank

p value

MSSS (%)

rrank

p value

950 hPa uT

T1878
T1950
T15yrs
T1878
T1950
T15yrs

45
41
33
47
40
27

0.81
0.81
0.74
0.80
0.79
0.74

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

39
38
34
53
49
52

0.71
0.70
0.62
0.75
0.73
0.72

<0.001
<0.001
0.001
<0.001
<0.001
<0.001

950 hPa uT and Relative SST

a

The assessment is made for the best single-predictor model and the best multi-predictor model. The inﬂuence is
examined by using three different lengths of model training and computing the replicated real-time skill for ACE and
adjusted number of hurricanes for the 30 year period 1983–2012. The types/lengths of model training examined are
deﬁned in section 4. The other parameters are deﬁned as in Tables 2 and 3. The 1983–2012 period is used throughout
as the climatology for computing MSSS.

for the hurricane number hindcast skill. The same skill increase is less evident when using the correlation
(rrank) skill measure. A factor which complicates this assessment and its interpretation is the variable
quality of the historical data (see section 7).

7. Temporal Changes in the Level of Replication
The three most noteworthy temporal changes in the level of historical hurricane activity replication from
August–September environmental ﬁelds (Figure 3) are the following: (1) A dropout in replication centered
on the 1940s (associated in particular with the SST ﬁelds); (2) a general slow decrease in the strength of replication associated with most environmental ﬁelds as time extends back to 1878; and (3) a dropout in replication extending through the 1950s and 1960s associated with the ENSO ﬁelds. We examine the cause(s) of
these temporal changes in hurricane activity replication to clarify whether they likely arise from a decrease
in data quality or reﬂect a change in physical mechanism. This is achieved by ﬁrst quantifying with more precision when the rrank between each environmental ﬁeld and hurricane activity measure was the lowest during
the historical period. Establishing this sharpness in timing is not possible from rrank values computed over
running 30 year (or other large multiyear) periods as in Figure 3.
Figure 5 gives improved temporal precision on the strength of the links between environmental ﬁelds and
hurricane activity. This is achieved by plotting the percent of occurrences by year where the running 30 year
rrank is in the lowest quartile of all 30 year running rranks 1878–2012. A minimum of 12 realizations is chosen in
computing the percent of occurrences, thereby enabling a plot range from 1890 to 2000. Years between 1907
and 1983 employ 30 realizations. The use of running 20 year rranks and quintiles were also assessed but these
combinations gave a less clear outcome than in Figure 5. The ﬁgure shows that the rrank between the SST and
atmospheric ﬁelds and annual hurricane activity was the lowest in the middle to late 1940s; namely, during
and immediately after World War 2 (WW2). In contrast, the rrank between the ENSO ﬁelds and hurricane activity was the lowest between the middle 1950s and 1970. These results are similar for ACE and numbers
of hurricanes.
To further clarify the cause(s) of the temporal changes in hurricane activity replication we compute historical
area average SST uncertainties in the HadSST3 data set. This is achieved by applying the Kennedy et al. [2011a,
2011b] uncertainty analysis—which deﬁnes the full SST uncertainty in global and hemispheric HadSST3 data
—to the smaller MDR and Niño 3.4 area average regions. The methodology for computing the three constituent SST uncertainties and the full SST uncertainty for an area average region is described in Text S1 in the
supporting information [Kennedy et al., 2011a, 2011b; Rayner et al., 2003]. Figure 6 displays our computed
uncertainties in August–September MDR SST and August–September Niño 3.4 SST between 1878 and
2012. The MDR SST uncertainty peaks around WW2 (years 1942–1946 in particular), slowly increases from
the late 1930s back to the 1870s, and is approximately constant between 1950 and 2012. The uncertainty
in Niño 3.4 SST is also the highest around WW2, has a secondary peak around WW1, and displays elevated
uncertainties prior to ~1960. In both regions the total SST uncertainty is dominated by the measurement
and sampling uncertainty, with measurement error likely exceeding the sampling error (J. J. Kennedy,
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Figure 5. Quantiﬁcation of when the rank correlation between each environmental ﬁeld and North Atlantic hurricane activity was the lowest between 1890 and 2000. The assessment is made for (a) ACE and for (b) raw hurricane numbers. The six
environmental ﬁelds are color coded.

personal communication, 2015). SST uncertainties computed from the new monthly extended reconstructed
sea surface temperature version 4 data set (ERSST.v4) also show an uncertainty maximum around WW2 for
the MDR and and Niño 3.4 regions [Liu et al., 2015; see their Figure 2].
The historical uncertainty in annual hurricane activity is also relevant to deducing the cause(s) of temporal
changes in hurricane activity replication. Published uncertainties for the number of North Atlantic tropical
cyclones and hurricanes [Vecchi and Knutson, 2008, 2011] show an uncertainty maximum around WW2, a
slightly smaller uncertainty maximum around WW1, and a general slow increase in uncertainty as time
extends backward from the middle 1960s to 1878. Published uncertainties for ACE do not exist but one would
reasonably expect them to be similar in temporal form to the uncertainties in the number of hurricanes. Since
‘raw’ and ‘adjusted’ hurricane numbers exhibit comparable temporal changes in the level of historical hurricane activity replication (see Figure S1), we deduce that the uncertainties in annual hurricane numbers may
be of secondary importance to the uncertainties in the environmental ﬁelds in inﬂuencing the replication of
historical hurricane activity.
The outcomes in Figures 5 and 6, combined with the information on historical hurricane uncertainty, allow
informed deductions to be made about the likely cause(s) of the noteworthy temporal changes in the level
of annual hurricane activity replication displayed in Figure 3. First, the dropout in replication centered on
the 1940s (associated in particular with the SST ﬁelds) seems to be likely due to a decrease in data quality.
This is because the timing of this dropout (Figures 3c and 5) matches very well with when the MDR SST uncertainty is the greatest (Figure 6a) and when the uncertainty in hurricane activity is the greatest. It would be an
unlikely coincidence if the physical inﬂuence of MDR SST and Relative SST on ACE somehow happened to
weaken only at the same time as when the data quality degraded. Similarly, it would seem likely that the
smaller decrease in hurricane activity replication associated with the atmospheric ﬁelds SLP and uT around
the 1940s (Figures 3b and 3a) is also due to a decrease in data quality. Second, the general slow decrease
in the strength of replication associated with most environmental ﬁelds as time extends back to 1878 also
SAUNDERS ET AL.

REPLICATING LONG-TERM HURRICANE ACTIVITY

11

Journal of Geophysical Research: Atmospheres

10.1002/2017JD026492

seems to likely reﬂect a decrease in data
quality. This is because the uncertainty
in the SST environmental ﬁelds
(Figure 6), the uncertainty in hurricane
numbers [Vecchi and Knutson, 2008,
2011], and, presumably, the uncertainty
in atmospheric ﬁelds, all slowly increase
with time back to the 1870s.
The dropout in hurricane activity replication associated with the ENSO ﬁelds
(Figures 3e and 3f) is more challenging
to explain. The dropout peaks between
the mid-1950s and 1970 (Figure 5b).
Temporal changes in the Niño 3.4 SST
uncertainty (Figure 6b) and in the uncertainty of hurricane numbers cannot
explain much of this dropout. This suggests that the physical inﬂuence of
ENSO on North Atlantic hurricane activity
may have weakened during this period.

Figure 6. The uncertainty (a) in August–September hurricane main development region SST and (b) in August–September Niño 3.4 SST. Each
combined uncertainty is also broken down into its three constituent parts
[Kennedy et al., 2011a, 2011b]. Years with no uncertainty value indicate an
absence of SST observations.

Finally, Figure 4 offers an explanation
for why the best multi-predictor model
has less replication skill than the best
single-predictor model for adjusted
hurricane numbers for 30 year periods
between 1913–1942 and 1948–1977.
This is likely due to a decrease in the
data quality of the Relative SST environmental ﬁeld during this period. Relative
SST and 950 hPa uT constitute the best
multi-predictor model.

8. Implications for Contemporary Seasonal Hurricane Prediction
What are the insights and implications which our work can offer for contemporary seasonal hurricane prediction? We address this by considering two questions: (Q1) Does the availability of longer time period data
improve the skill of current seasonal hurricane predictions?; (Q2) Do multi-predictor models provide a significant skill advantage over using the best single-predictor model? Our answers are predicated upon our analysis of the six environmental ﬁelds (Table 1) used most often in contemporary statistical modeling of
seasonal hurricane activity. However, we consider it is unlikely that further environmental ﬁelds will be discovered that would signiﬁcantly change our current answers to Q1 and Q2 below.
Our answer to Q1 is “yes but that the skill increases only slowly as the training period length increases beyond
15 years.” We ﬁnd only a 10% mean improvement in MSSS (%) in going from T15yr to T1878 (section 6).
Although the decrease in data quality which affects historical environmental ﬁeld and hurricane data
(section 7) would act to offset the increase in skill that arises from using a longer training period, it would
appear that the latter skill improvement is likely modest compared to the skill obtained from only using a
prior 15 year training period. Having said that, we would still recommend that current seasonal forecasting
efforts train their models on the full data period from 1878 in order to maximize their potential skill.
Our answer to Q2 is “probably no.” As noted in section 5.3, for ACE there is little difference in the replication
skill between using the best single-predictor model and the best multi-predictor model. Although for
adjusted hurricane numbers, the best multi-predictor model offers improved replication skill compared to
the best single-predictor model, this improvement is more pronounced for the 1878–1949 historical period
than for the more recent 1950–2012 period where data quality is best. Furthermore, if the “Relative SST”
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environmental ﬁeld was used as the best single-predictor model for adjusted hurricane numbers instead of
“950 hPa uT” there would be no difference in the model skill 1950–2012 between the best multi-predictor and
best single-predictor models. A physical explanation for why little additional skill is added by including a second predictor comes from the facts that the best single-predictor model already exhibits sizeable skill and the
environmental ﬁelds examined here are not independent.

9. Conclusions
Annual hurricane activity over the 135 year period from 1878 to 2012 is replicated surprisingly well by largescale environmental ﬁelds. This ﬁnding gives conﬁdence that there is long-term robustness in the physical
links between these ﬁelds and annual hurricane activity. From the six environmental ﬁelds and data examined, August–September trade wind speed over the Caribbean Sea and tropical North Atlantic replicates
long-term hurricane activity the best, achieving predictive skill for ACE of rrank = 0.69 for the 135 year period.
Multi-predictor models offer no improvement over the single trade wind predictor for replicating ACE, but
trade wind speed combined with the difference in SST between the tropical Atlantic and the global tropical
mean offers modest improvement for replicating adjusted hurricane numbers. The skill of current seasonal
hurricane predictions will slowly increase by incorporating longer time period data (out to 135 years) into
model training, but by only ~10% in MSSS compared to using a prior 15 year trained model. Temporal
changes occur in the level of historical hurricane replication, most notably around WW2. These changes occur
at times when there is increased uncertainty in the environmental ﬁeld data and hurricane data. If the quality
of the historical data could be improved further, we anticipate that the environmental ﬁelds studied herein
would replicate historical hurricane activity even better, and that modest additional improvements in the skill
of current seasonal hurricane predictions would ensue.
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