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Abstract: In a recent paper, Kossin et al. showed that during the period from 1979 to 2017, there was
a statistically significant increase in the ratio of category 3-5 to category 1-5 tropical storm fixes
in the ADT-HURSAT satellite dataset of tropical cyclone observations. The sign of this increase is
consistent with previously developed theory and modelling results for how tropical cyclones may
change due to climate change. However, without further analysis, it is difficult to understand what
the implications of this increase might be for present day tropical cyclone risk. It is also difficult to
understand how tropical cyclone risk models might be adjusted to reflect this increase, since this
ratio is not typically directly represented in such models. Our goal is therefore to understand the
drivers for this increase in terms of changes in the numbers of fixes of different categories of storms in
different basins, which are quantities that are more directly related to tropical cyclone risk and risk
modelling. We use both heuristic and quantitative methods. We find that the increase in the ratio is
mainly driven by a decrease in the denominator (the number of category 1-5 fixes) and to a small
extent by a slight increase in the numerator (the number of category 3-5 fixes). The decrease in the
denominator is mostly driven by a statistically significant reduction in the number of category 1 fixes
outside the North Atlantic. The slight increase in the numerator is mostly driven by a statistically
significant increase in the number of category 3—4 fixes in the North Atlantic. Based on these results,
we discuss different ways in which the increase in the ratio could be represented in risk models.
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1. Introduction

The effects of climate change on temperature and sea-level are mostly well understood and readily
quantified, albeit with uncertainty. The effects of climate change on other variables, however, are
generally less well understood. In this article, we consider aspects of the possible effects of climate
change on the frequency and intensity of tropical cyclones, with a particular focus on quantities
that are directly of relevance to tropical cyclone risk and risk modelling. There are essentially three
methodologies that one can use to investigate the question of how the frequency and intensity of
tropical cyclones might change. One is theory. There is no complete theory of tropical cyclones that can
give good explanations for all the aspects of tropical cyclone behavior that are seen in nature. However,
for the intensity of tropical cyclones, there is a body of theory [1] that can be used to attempt to predict
how tropical cyclones might change in the future: the implications of this theory are that the intensities
of individual tropical cyclones may have already increased, and may continue to increase, all other
things being equal [2]. The second methodology that one can use to understand the possible effects of
climate change on tropical cyclones is dynamical modelling of the climate using climate models. In a
recent survey of climate model results for tropical cyclones [3], different models were found to give
somewhat different results, highlighting the uncertainty, but many models showed decreasing overall

Oceans 2020, 1, 311-325; d0i:10.3390/oceans1040021 www.mdpi.com/journal/oceans


http://www.mdpi.com/journal/oceans
http://www.mdpi.com
https://orcid.org/0000-0002-6011-6262
http://www.mdpi.com/2673-1924/1/4/21?type=check_update&version=1
http://dx.doi.org/10.3390/oceans1040021
http://www.mdpi.com/journal/oceans

Oceans 2020, 1 312

frequency of tropical cyclones, the highest resolution models suggested an increase in the frequency
of very intense tropical cyclones (strength categories 4 and 5), and most models showed an increase
in the proportion of tropical cyclones that reach very intense. The third methodology that one can
use to understand how tropical cyclones may change under a changing climate is to look at the past,
and use statistical analysis to assess whether it is already possible to see any changes in tropical cyclone
behavior that could be due to climate change. This is difficult for three particular reasons: tropical
cyclones, especially the most intense tropical cyclones, are rare; past measurements of tropical cyclone
behavior are inhomogeneous in coverage and quality [4]; and tropical cyclone behavior is affected by
climate variability on multiple time-scales, much of which is not fully understood, and which hinders
the detection of long-term trends [5]. As a result, there is no clear consensus, at this point, as to whether
the impacts of climate change can be said to have been clearly detected in the historical record for
tropical cyclones, although some claims have been made with respect to the increasing intensity of the
strongest storms [6,7].

In a recent paper, Kossin et al. [8] described an analysis based on the latest version of the
ADT-HURSAT dataset [9,10] (where ADT stands for Advanced Dvorak Technique and HURSAT
stands for HURricane SATellite), in which they showed that there is a statistically significant (outside
a 2.5%-97.5% confidence interval—henceforth “significant”) increase in the ratio of the number of
category 3, 4 and 5 (cat35) fixes to the number of category 1, 2, 3, 4 and 5 (cat15) fixes in that dataset,
over the period 1979 to 2017. Kossin et al. [8] used ADT-HURSAT, which is an objectively processed
satellite dataset of global tropical cyclone observations, as it provides a more homogeneous time-series
of tropical cyclone observations than the International Best Track Archive [11], even though the latter
dataset may be more accurate in some ways. The fixes that they considered are 6 hourly measurements,
and there are typically multiple fixes for each tropical storm. In general, cat35 fixes are defined as
those that record windspeeds of 96+ knots, and cat15 fixes are those that record windspeeds of 64+
knots. Since in the ADT-HURSAT data intensity is discretized into 5 knot bins, this corresponds to
windspeeds of 100+ knots and 65+ knots, respectively, in this dataset.

Kossin et al. [8] used a number of different statistical methods for investigating possible changes
in the ratio of cat35 (henceforth major hurricane (MH)) to cat15 fixes (henceforth just “the MH ratio”),
including consideration of the differences in the ratio between block averages of early and later periods
of the data, and a linear trend analysis of the MH ratio combined into three-year sub-periods. These two
methods both show significant signals corresponding to an increase in the MH ratio. They noted that
this increase is consistent with theoretical and dynamical modelling results, which suggests an increase
in the proportion of major tropical cyclones due to climate change [3].

However, from the point of view of tropical cyclone risk and risk modelling, the implications of
this increase are hard to understand. The ratio of cat35 to cat15 fixes is not something that is explicitly
included in most tropical cyclone risk models. In this article, our goal is therefore to analyze the
increase identified in Kossin et al. [8] and understand what changes within the dataset are driving it, in
terms of quantities that are more closely aligned with risk modelling. In particular, we will attempt to
answer the following questions:

(a) is the increase in the MH ratio driven by changes in the numerator (the number of cat35 fixes),
the denominator (the number of cat15 fixes), or both?

(b) is the increase in the MH ratio driven by any particular strength categories, or is it driven by
several strength categories?

(c) 1is the increase driven by any particular regions, or is it the result of similar changes in all regions?

These are arithmetical questions about the increase in the MH ratio, rather than being questions
about the physical drivers or mechanisms behind the increase. Answers to these questions can help
risk modelers decide how they could adjust risk models to reflect the increasing MH ratio, should they
wish to.
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In Section 2 below, we provide a brief review of the linear trend analysis that Kossin et al. [8] used
to identify the increase. In Section 3, we provide a heuristic analysis to understand what might be
driving the linear trend. In Section 4, we provide a quantitative analysis using decomposition of the
trend slope to identify the statistical drivers behind the linear trend. In Section 5, we summarize and
draw some conclusions.

2. Dataset and Increase in the MH Ratio

In this section, we briefly review the increase in the ADT-HURSAT MH ratio that was identified
in Kossin et al. [8]. The ADT-HURSAT data we use for our analysis are available on the internet as part
of the supplementary information provided by Kossin et al. [8]. Figure 1a shows the annual numbers
of category 1 and 2 (cat12), cat35, and cat15 fixes in the ADT-HURSAT dataset, for the period 1979 to
2017. In this and all the subsequent analysis, we omitted 1980 for reasons of incomplete data, following
Kossin et al. [8]. In all the time series plots, linear interpolation was used between 1979 and 1981,
although the calculation of trend-lines and significance levels all treat 1980 as a missing value. We see
from Figure 1a that the three time series are correlated. That cat15 is correlated with both cat12 and
cat35 is not surprising since the catl5 numbers are simply the sum of the catl2 and cat35 numbers.
That cat12 and cat35 are correlated is also not surprising, since each storm that reaches cat35 must pass
through cat12. We also see that the vertical distance between the cat12 and cat35 time series tends to
decrease over time and is lower in the second half of the series than the first.
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Figure 1. (a) shows numbers of catl5 (red), cat12 (black) and cat35 (blue) fixes from the ADT-HURSAT
dataset, and (b) shows the ratio of cat35 to cat15 fixes (major hurricane (MH) ratio, black time series),
with a fitted linear trend (black line), with lines showing 95% confidence limits (red). The linear trend
is fitted using ordinary least squares (OLS) regression. The trend change is 7 percentage points over 39
years, and is significant with a p-value of 0.01. In the calculations, 1980 is treated as a missing value,
and in the graph it is filled in using linear interpolation between 1979 and 1981.

Figure 1b shows the MH ratio. When the MH ratio is created, much of the variability cancels out
between the two datasets because of the correlation between the series. Kossin et al. [8] also argued
that this cancellation includes some cancellation of observational errors. An example would be that if
a cat35 storm is missed (e.g., due to satellite failure), it will be missed from both the cat35 and cat12
records and hence will have a minimal impact on the MH ratio. This cancellation of errors is one of the
reasons why Kossin et al. [8] chose to focus on the ratio of cat35 to catl5 fixes, rather than the numbers
of fixes themselves.
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However, from the point of view of trying to inform tropical storm risk quantification, it is
necessary to consider the data for the actual counts of fixes, not just the MH ratio, and that is what we
will do below. Using counts means that our analysis is exposed to a greater extent to the impacts of
observational errors and variability in the data, because we lose the advantage of the cancellation of
errors mentioned above. This should be taken into account in the interpretation of the results below:
the count data should not be used for quantifying subtle signals. However, the main drivers we
identify in our analysis below will turn out to be large signals that are hopefully reasonably robust.

If we write c15 as the number of catl2 fixes, c35 as the number of cat35 fixes, and c5 as the number
of catl5 fixes then c15 = c12+ c35 and the MH ratio r is given by

- L M

€15 c12 +¢35 1+ %ﬁ

That the cat12 and cat35 time series get closer together over time in Figure 1a implies that c12/c35
is reducing, which in turn implies that r is increasing, which is what we see in Figure 1b.

One of the methods used by Kossin et al. [8] was to group the annual values of the MH ratio
into triads (groups of three years), and consider statistical significance of a trend in the triad values,
where the trend was fitted using Theil-Sen regression. As an alternative, and somewhat more simply,
we fit a linear trend directly to the annual values shown in Figure 1b using ordinary least squares
(OLS), with 1980 omitted. Using OLS facilitates the decomposition analysis we describe in Section 4
below. The OLS trend is also shown in Figure 1b. Above and below the OLS trend-line, we show two
other lines which have the same mean as the OLS trend-line, but slopes which give the 95% confidence
intervals around the trend slope. The OLS trend is positive and significant, with a p-value of p = 0.01.

Fitting a linear trend to these ratios is not strictly defensible, since the ratios are bounded between
zero and one, while the trend line ultimately stretches from minus infinity to infinity. We tested the
importance of avoiding this problem by transforming the ratios using a probit transform, to give them
a possible range from minus infinity to plus infinity, before fitting the trend. This, however, made little
difference to the results, since the range of the ratios is rather small, and the probit transform is close to
linear over this range. For the remainder of our analysis, we proceed with the untransformed values
for simplicity.

Based on Kossin et al.’s [8] analysis, and the linear trend analysis given above, there seems little
doubt that the increase in the MH ratio is robust (i.e., is not an artefact of interannual variability in the
dataset). However, from the point of view of fully understanding the implications of the increase for
risk analysis, the question remains as to what is driving the increase.

3. Results

In this section, we perform a heuristic investigation to try to understand what might be driving
the trend in the MH ratio. We will then complement this with a quantitative analysis in Section 4.

3.1. Numerator vs. Denominator

A first question one might ask about the cause of the trend shown in Figure 1b is: is it changes
in the numerator of the ratio driving the trend, or the denominator of the ratio, or both? Figure 2a—c
show the time series for the numerator (cat35 fixes), for catl12 fixes, and for the denominator (catl5
fixes), respectively, with linear trends fitted to all. The cat35 fixes show a very slight and not significant
upward trend (p-value 0.79). The catl2 fixes show a significant downward trend (p-value 0.02).
The catl5 fixes show a slight and not significant downward trend (p-value 0.23). Figure 2d shows the
ratio of cat35 fixes to catl2 fixes, with a fitted trend, which has a positive slope. This is significant,
with a p-value of 0.01. Table 1 summarizes the values of the significance levels of the main global
trends in numbers of fixes for different strength categories.
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Figure 2. (a) shows numbers of cat35 fixes (black time series) (as in Figure 1a), with a linear trend (black
line), and 95% confidence intervals trend (red lines). (b) shows cat12 in the same format; (c) shows cat
15 in the same format, and (d) shows the ratio of cat35 to cat12 in the same format.

Table 1. Trend slopes and significance levels for global trends in numbers of tropical cyclone fixes.
The first column (Trend) shows trend slope values expressed as numbers of fixes per year. The second
column (Significance) shows the p-value for significance of the trend.

Trend  Significance

catl -1.95 0.004
cat2 -0.20 0.54
cat3 0.28 0.45
catd 0.08 0.86
cath -0.14 0.18
catl2 -2.15 0.02
catlb -1.94 0.23
cat35 0.21 0.79

Subject to quantitative confirmation in Section 4 below, we conclude from this that the upward
trend in the MH ratio is to a small extent due to a non-significant upward trend in the cat35 fixes, but is
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mostly due to a downward trend in the cat15 fixes, which in turn is due to a significant downward
trend in the cat12 fixes. Aspects of this downtrend were discussed in Holland and Bruyere [12].

3.2. Category of Storm Fixes

Given the above results, one might ask whether the upward trend in the cat35 fixes is due to cat3s,
or catés, or catbs, and whether the downward trend in cat12 fixes is due to catls or cat2s. Figure 3
shows trends for all five categories individually in sections (a) to (). Trend slopes and p-values for the
trends are given in Table 1. There is a strong and highly significant downward trend in the cat1 fixes
(p-value 0.004), and a weak and not significant downward trend in the cat2 fixes. These two combine
to give the downward trend in the cat12 fixes.

There are weak upward trends in the cat3 and cat4 fixes, and a downward trend in the cat5 fixes.
None are significant but they combine to give the weak upward trend in the cat35 fixes. In the cat15
time series, the downward trend in cat12s is large enough to dominate the upward trend in the cat35s,
to give a net downward trend overall. Combining this with the previous analysis leads us to conclude
that the upward trend in the MH ratio is likely mostly driven by the significant downward trend in
the catls.
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Figure 3. Cont.
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Figure 3. (a) shows the number of catl fixes (black time series), with a linear trend (black line), and lines
showing 95% confidences on the trend slope; (b—e) show cat2, cat3, cat4 and cat5 fixes in the same
format; (f) shows time series of all five categories: catl (black), cat2 (red), cat3 (blue), cat4 (green),
cat5 (purple).

3.3. Regional Analysis

Based on the above analysis, one might also ask which regions are driving the changes in catl and
cat34 fixes. The ADT-HURSAT data categorize each storm into one of seven regions: North Atlantic
(NA), Eastern North Pacific (EP), Western North Pacific (WP), South Pacific (SP), Southern Indian
Ocean (SI), Northern Indian Ocean (NI), and South Atlantic (SA). The South Atlantic region, however,
only has one storm with cat15 fixes and so we will ignore it and only consider the other six regions.

Figure 4a shows the trends in the number of cat1 fixes for these six regions. Corresponding time
series are shown in Figure A1. We see that there is a positive trend in the North Atlantic, and negative
trends everywhere else. The only significant trends are the negative trends in the EP and SP basins.
We conclude that the significant negative trend in global cat1 fixes, which is driving the negative trend
in global cat12 fixes, and which appears to be the most important factor driving the positive trend in
the MH ratio, comes from all basins except the North Atlantic.
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Figure 4. (a) shows the trends in the number of catl fixes by basin with 95% confidence intervals,
and (b) shows the trends in the number of cat34 fixes by basin with 95% confidence intervals. The time
series to which these trends relate are shown in Figures Al and A2.
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Figure 4b shows the trends in cat34 fixes by region. Corresponding time series are shown in
Figure A2. We see that there is a significant positive trend in the North Atlantic, a non-significant
smaller positive trend in the Southern Indian basin, essentially no trend in the Northern Indian basin,
and non-significant negative trends in all other regions. We conclude that the positive trend in the
global cat34 fixes, which is driving the positive trend in the global cat35 fixes, which is partly driving
the positive trend in the MH ratio, comes almost entirely from the North Atlantic.

Overall, we can conclude, subject again to quantitative confirmation in Section 4 below, that the
upward trend in the MH ratio seems to be driven mostly by a negative trend in catl fixes outside the
North Atlantic, and to some extent by a positive trend in cat34 fixes in the Atlantic.

4. Quantitative Analysis

We now describe an analysis in which we decompose the trend in the MH ratio into various
component terms, in order to make the heuristic analysis of the previous section quantitative.

4.1. Decomposition by Numerator and Denominator

In our first decomposition, we will decompose the trend in the MH ratio into a linear combination
of trends in the numerator (cat35 fixes) and denominator (cat15 fixes), plus a residual. We will write g,
as the trend slope of the MH ratio, 35 as the trend slope of the number of cat35 fixes, 15 as the trend
slope of the number of cat15 fixes and f1; as the trend slope of the number of cat12 fixes. In addition,
we will write uss as the mean of the number of cat35 fixes, 115 as the mean of the number of cat15
fixes, and i = pss/ p15. Then, using the standard OLS formulae for all the trend slopes, it is relatively
simple to show that:

P35 Pis

Pr= yr(uas u15) e @
where e is a residual term involving an infinite expansion of non-linear terms. This equation matches
intuition in the sense that if the trend in the cat35 fixes B35 increases then the trend in the MH ratio
increases, while if the trend in the catl5 fixes 15 increases then the trend in the MH ratio decreases.
One way to understand this equation is that it approximates the trend in the MH ratio, expressed as a
proportion (B, / 1), in terms of the trend in cat35 fixes, expressed as a proportion (835/15), minus the
trend in the cat15 fixes, also expressed as a proportion (815/ 15). Following the discussion about the
impacts of observational errors in Section 2, the estimates of trends in the numbers of fixes in subsets
of the data are likely more prone to the impacts of observational errors than the estimate of the trend in
the MH ratio. In Equation (2), this may mean that there are errors in slopes f35 and 15 which cancel,
to some extent, and hence contribute to less error in the slope ;. As a result, and also because of
general variability in the number of tropical storm fixes, the percentages in this and all the subsequent
decompositions should not be considered as highly precise estimates.

We calculated all four terms in the above expression (Equation (2)) and evaluated them as a
percentage of the trend in the MH ratio 5,. We find that the residual accounts for 1.0% of 3,, indicating
that the trend in the MH ratio 3, is well approximated by a linear combination of the trends in the
cat35 and catl15 fixes B35 and f1s5. B35 accounts for 23.0% of B and f15 accounts for 76.0% of f;.

This result confirms what we found in the heuristic analysis in the previous section: the upward
trend in the MH ratio is driven mainly by the downward trend in the number of cat15 fixes, and partly
by the upward trend in the number of cat35 fixes.

If instead we decompose the trend in the slope of the MH ratio 8, into the trend in the slope of the
cat35 fixes f35 and the trend in the slope of the cat12 fixes 12, we find that

_ L O
pr= #r(ﬁ%[‘u% }115:| !J15) te ®)
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The residual remains the same, while 35 now accounts for 14.9% of 8, and 1, accounts for 84.2%
of B,. This result again confirms what we saw in the previous section: the upward trend in the MH
ratio is driven mainly by the downward trend in the number of cat12 fixes, and only partly by the
upward trend in the number of cat35 fixes. The downward trend in the cat12 fixes is between five and
six times more important than the upward trend in cat35 fixes in determining the upward trend in the
MH ratio. We should also bear in mind that the upward trend in the cat35 fixes is not significant and
may not be robust.

4.2. Decomposition by Category of Storm

We can decompose the trend in the MH ratio further into contributions from the trends in every
category of storm strength. We write 1, B2, B3, B4 and s as the OLS trends in the numbers of cat 1, 2, 3,
4 and 5 fixes. We can then decompose the MH ratio into components for each of these trend slopes and
a non-linear residual as follows:

+ P2
pr= F‘r([ﬁ3 +Ba+Pslf - hth) ., @)
U1is
where f = [yl; - t] Applying this new decomposition, we find percent contributions from the

5 categories from 1 to 5 of 76%, 8%, 20%, 5%, and —10% (remembering that this finer level of
decomposition is even more prone to errors due to variability and observational error). We see that by
far the biggest contribution to the upward trend in the MH ratio comes from the downward trend
in catl fixes (76%). The second biggest contribution by strength category comes from the upward
trend in cat3 fixes (20%). This confirms what we were able to deduce heuristically from Figure 3 in the
previous section.

4.3. Decomposition by Region

We can extend the above decomposition analysis even further and decompose the trend in the
MH ratio into contributions for each of the five strength categories and six basins, giving 30 categories
in all. The results are shown in Table 2 as percentage contributions to the trend in the MH ratio. Sizes
of trends for each of the 30 categories are shown in Table 3. The numeric values in the first two columns
of Tables 2 and 3 are similar, but this is purely numeric coincidence. The percentage values in Table 2
add up to 102% because of rounding error. Combining the information from Tables 2 and 3, we see
that the biggest contributors to the upward trend in the MH ratio are downward trends in catl fixes in
the three Pacific basins and the Southern Indian Ocean, and upward trends in cat34 fixes in the North
Atlantic. Cat35 fixes in the Pacific basins show downward trends, which contribute negatively to the
trend in the MH ratio (i.e., tend to counteract the positive upward trend in the ratio), and cat1 fixes in
the North Atlantic show a positive trend that also contributes negatively to the trend in the ratio.

Table 2. Percentage contributions to the trend in the MH ratio, by region and storm category.

catl cat2 cat3 catd cats Total

NA -12 -12 31 23 3 33
EP 32 6 -7 -7 -1 23
WP 18 5 2 -16 -12 -3
sp 23 8 -10 -5 -1 15
SI 14 3 5 10 1 33
NI 2 -1 0 0 0 1

total 77 9 21 5 -10 102




Oceans 2020, 1 320

Table 3. Trends in the number of fixes, by category and region, in units of counts per 39 years.

catl cat2 cat3 catd cats Total

NA 12 12 17 13 1 55
EP -32 -6 -4 -4 -1 -47

WP -18 -4 1 -9 -6 -36
SP =22 -8 -6 -3 0 -39
SI -14 -3 3 6 1 -7
NI -2 1 0 0 0 -1

total -76 -8 11 3 -5 -75

These results confirm what we previously deduced from Figure 4 in the previous section, which is
that the upward trend in the MH ratio seems to be driven mostly by a negative trend in the catl fixes
outside the North Atlantic (which is highly significant, with a p-value of 0.0035), and to some extent by
a positive trend in cat34 fixes in the Atlantic (which is also significant, with a p-value of 0.01).

4.4. Regional Analysis of Ratios

Motivated by the results in Tables 2 and 3, Table 4 shows trends for various different versions of
the cat35/cat15 ratio, and their significance. The first column shows the ratio for all basins together,
as has been discussed in Section 2 above. This trend is significant, as we have seen above. The second
column shows the trend in the cat35/cat15 ratio for all regions excluding the North Atlantic. The North
Atlantic shows upward trends in both cat12s and cat35s, but the upward trend in the cat35s is larger
(driven by a strong upward trend in cat34s), and hence removing the North Atlantic reduces the trend
in the ratio, and the trend, although still positive, is no longer significant. We see that the strong
upward trend in the North Atlantic cat34s is an essential component in the significance of the trend
in the global MH ratio. The third column shows the North Atlantic on its own, which shows a large
and significant upward trend in the ratio. Of the other five basins, four show positive trends in the
ratio, of which one is significant (the Southern Indian ocean), although these regional trends, even
more than the global trends, must be understood in the context of the large uncertainties in the data [4].
From Table 3, we see that the upward trends in the ratio in the three Pacific basins are driven by large
decreases in the number of catls which are not offset by simultaneous increases in cat35s. The changes
in these basins would seem to be best described as reductions in overall tropical cyclone frequency,
with small changes in the distribution of intensities. With regard to the robustness of the trend in
the global MH ratio, we can say that the trend is robust to a certain extent: after removing the North
Atlantic, the sign of the trend remains the same, even though the significance is lost, and those of the
other basins mostly show the same sign of trend. Given the level of variability of tropical cyclone
numbers, and the size of the trend that would be expected from modelling studies [3], one would not
expect the trend to be completely robust to all these tests.

Table 4. Fitted trends for various cat35/cat15 fixes ratios. The first row (Trend) shows trend values
expressed as change in the ratio over 39 years. The second row (Significance) shows the p-value for
significance of the trend. The first column (ALL) is for all regions combined. The second column (-NA)
is for all regions excluding the North Atlantic.

ALL -NA NA EP WP spP SI NI

Trend 0.07 0.05 0.31 0.04 0.00 0.12 0.23 -0.04
Significance 0.0099 0.0910 0.0036 0.4782 0.9735 0.1576 0.0003 0.7083

4.5. Discussion

Combining the results from Section 3 above and from this section, we draw the following conclusions:
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(1) The upward trend in the global MH ratio is mainly driven by a downward trend in the number
of catl fixes in basins other than the North Atlantic.

(2) A secondary and less important driver is the upward trend in the number of cat34 fixes in the
North Atlantic. Although this driver is less important than the decrease in the catl fixes, without
it the trend in the MH ratio is no longer significant.

(3) Of the other five basins, only one shows a significant upward trend in the basin-level ratio (while
noting that the trends in individual basins are subject to a greater extent to observational errors)

(4) The small upward trend in global total cat35 fixes shown in Figure 2a does not reflect a uniform
global increase in cat35 fixes, but is driven by the large increase in the North Atlantic, an increase
in the Southern Indian Ocean, and decreases in the three Pacific basins.

On a global aggregate level, we see a pattern consisting of a decrease in weak tropical cyclone fix
numbers and an increase in strong tropical cyclone fix numbers. This is consistent with the idea of
increasing intensity of individual tropical cyclones with climate change. However, this effect is mostly
driven by combining together different behaviors in the North Atlantic and the other basins, and it is
generally accepted that the large recent increase in North Atlantic hurricane numbers is likely strongly
affected by regional climate variability as well as climate change. Possible explanations for the trends
in the North Atlantic include variations in anthropogenic aerosols [13,14], natural climate variability
on multidecadal time-scales [15], and the effects of volcanic eruptions [14,16]. As a result, it is difficult
to determine accurately to what extent the increase in the MH ratio is due to climate change and to
what extent the increase is due to regional climate variability.

5. Conclusions

In a study based on the ADT-HURSAT database of global tropical cyclone observations,
Kossin et al. [8] identified a statistically significant increasing trend in the ratio of the number
of cat35 fixes to the number of cat15 fixes (the MH ratio). We have explored the origins of this trend
in terms of trends in the underlying numbers of fixes by storm category and by region in order to
inform decisions about how tropical cyclone risk models might be adjusted to reflect the trend, for risk
modelers interested in making such an adjustment.

We find that the main driver of the trend in the MH ratio is a downward trend in the cat15 fixes,
which itself is driven by a statistically significant downward trend in the number of cat12 fixes, which
itself is mostly driven by a statistically significant downward trend in the number of catl fixes. That in
turn is driven by a statistically significant downwards trend in the number of catl1 fixes outside the
North Atlantic basin. The North Atlantic catl fixes show an increasing trend, unlike any other basin.

The downward trend in catl fixes has an implication for regions affected by tropical cyclones,
which is that the number of catl fixes occurring today in all regions except the North Atlantic seems to
be lower than in previous decades. Risk estimates outside the North Atlantic based on the average
number of catl fixes over previous decades might be too high.

A secondary driver for the upward trend in the MH ratio is a weak and non-significant upward
trend in the cat 35 fixes. This is driven by a strong and significant upward trend in the number of
cat34 fixes in the North Atlantic, which counteracts a downward trend in the number of cat35 fixes on
average over the other basins. The trend in the number of cat34 fixes also has implications for risk
estimation. Risk estimates for the North Atlantic based on averages of numbers of cat34 fixes over
previous decades might be too low.

All these results must be understood in the context of the uncertainties in the underlying data.
For instance, as discussed in Kossin et al. [8], there are gaps in the data. While these gaps do not have a
big impact on estimates of the MH ratio and the results presented in Kossin et al., they are likely to
have a bigger impact on the estimates of trends in the numbers of fixes that we have presented here.

Based on the above results, there are various ways that risk modelers could make adjustments if
they wished to incorporate the trend in the MH ratio into their models. One way would be to adjust
the global numbers of cat35 and cat12 fixes uniformly across all basins, although this would ignore the



Oceans 2020, 1 322

strong regional signals described above. Another way would be to adjust the numbers of cat34 fixes in
the Atlantic basin, and the numbers of catl fixes in other basins, since these are the regional signals
that are the main drivers for the increase. Given the uncertainties, all such adjustments to risk models
should perhaps be treated as exploratory sensitivity tests, to test the impact of different hypotheses,
rather than as fully credible views of hurricane risk.
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Figure Al. (a—f) show the number of catl fixes (black time series), with a linear trend (black line),

and lines showing 95% confidence intervals on the trend slope, for 6 basins.
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Figure A2. (a—f) show the number of cat34 fixes (black time series), with a linear trend (black line),
and lines showing 95% confidence intervals on the trend slope for 6 basins.
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