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ABSTRACT

Having sustained, over the course of more than two decades, record-

breaking natural catastrophe losses, American insurers and reinsurers are

justifiably questioning the potential linkage between anthropogenic climate

change and extreme weather. Here, we explore issues pertaining to this link-

age, looking at both the likely short-term implications for the insurance in-

dustry, as well as potential longer-term impacts on financial performance and

corporate resilience. We begin our discussion with an overview of the impli-

cations that climate change is likely to have on the industry, especially as it

relates to how catastrophic risks are construed, assessed, and managed. We

then present the rudiments of an econometric analysis that explores the fi-

nancial resilience of the property/casualty (P/C) industry in the face of both

natural and man-made catastrophes. In this analysis, we explore the profitabil-

ity consequences of several illustrative scenarios involving large-scale losses

from extreme weather — specifically, a sequence of storms like those striking

the U.S. in 2004 — and a scenario that explores the prospect of a Katrina-

scale storm in combination with a mass terror attack on the scale of 9/11. At

systemic levels of aggregation, our analysis suggests a high degree of macro-

resilience for the insurance industry. Moreover, we find that insurer resilience

is higher for larger impacts, considering both the speed of recovery, as well

as the inverse of the area under the unaffected system profile. We conclude

with a summary of our findings and a closing commentary that explores the

potential implications of these results for P/C insurers moving forward.
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1. Introduction35

Current efforts to confront the prospect of anthropogenically-induced climate change present poli-36

cymakers and intergovernmental negotiators with a host of challenges (Hall 2011; Petherick 2011).37

The technically-intensive nature of the policy debates that surround this issue are complex and38

multifaceted. Indeed, much of the uncertainty that underlies the greenhouse debate arises, in part,39

from an incomplete understanding of the causes and consequences of climatic change. 1 The40

climate change problem is, in addition, characterized by several unique features, all of which41

complicate efforts to arrive at reasoned responses to the prospect of anthropogenic warming. For42

instance, the time horizons that must be considered in the evaluation of climate change response43

strategies are on the order of one or more centuries. Also, while the climate change problem is44

global in scale, the spatial and temporal distribution of impacts is likely to be non-uniform (Mirza45

2003; Ruth and Coelho 2007; Sinivasan 2010). Along these lines, the physical inertias that drive46

the global climate system are such that the potential social-economic and environmental impacts47

associated with climatic change are, to varying degrees, irreversible (Michaelowa 2006). Finally,48

our efforts to grapple with the causal complexity of these central elements of the problem require49

a constellation of computational models that are, themselves, highly imperfect representations of50

reality.51

Even a cursory read of the day’s newspapers reveals that climatic change, broadly understood, is52

likely to impact society in ways that are, perhaps, only just beginning to be understood.2 Nowhere,53

it seems, does this sentiment ring more true than for American insurers and reinsurers. As a key in-54

1The sources of uncertainty within this debate are many. For example, difficulties in predicting future levels of anthropogenic emissions of

key greenhouse gases and their effects on the global carbon cycle make it difficult to reliably assess the potential magnitude and impacts of global

climate change.
2Hurricanes Katrina (2005), Sandy (2012), and Harvey (2017), e.g., rank among the deadliest, most destructive tropical cyclones of the past

half-century.
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strument of loss mitigation and risk transfer, the U.S. insurance industry lies at the nexus of several55

crucial dimensions of the climate change problem, especially as it relates to the potential implica-56

tions of climatic change for society and the global economy. Having, in the past decade-and-a-half,57

sustained record-breaking natural catastrophe losses, insurers and reinsurers are openly — and, in-58

deed, justifiably — questioning the potential linkage between climate change and extreme weather,59

looking at both the likely short-term implications for the industry, as well as potential long-term60

impacts on financial performance and corporate sustainability.361

Situated at the heart of these discussions, of course, are the scientific and policy dimensions62

of climate change. Prudent insurers will pay close attention to these debates for at least two63

reasons. First, they will want to know the full range of informed opinion that exists as to how64

the Earth’s climate is changing, as well as the potential consequences of such change for a broad65

range of possible (re)insurance-related outcomes. Second, insurers will want to take note of the66

balance of scientific opinion on these matters so that they can make informed choices about other67

(perhaps non-weather-related) risks they underwrite that could be affected by climatic change —68

perhaps in ways that are not yet well understood. Third, insurers will also be concerned about69

the accumulation of large natural catastrophe losses with potentially significant, but uncorrelated,70

losses such as terrorism. While the likelihoods associated with such events are independent, the71

financial ability to pay claims in the wake of either type of loss is not.72

Insurance in an age of global climate change is, in essence, a dual gamble. In the first instance,73

the gamble is one that sees insurers and reinsurers engaged in the process of making a series of74

3In truth, interest in this topic within the industry dates as far back as the late 1980s, with the appearance of Hurricane Gilbert in 1988. In

addition to the insured losses arising from Hurricane Gilbert, interest in climate change was also spurred by signals from the scientific community

that tropical cyclone activity in the North Atlantic was possibly being influenced by anthropogenic warming. In 1988, for example, the American

Meteorological Society issued a policy statement postulating that greenhouse warming would, in the long run, lead to “a higher frequency and

greater intensity of hurricanes” (AMSC 1988). More recent efforts to explore this topic include refs. (Limited 2005) and (Mills et al. 2005).
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(partially) informed bets on the potential frequency, severity, and consequences of natural catas-75

trophe events — a task that is, in itself, fraught with complexity and uncertainty. In the second76

instance, global climate change also holds the potential to confound our current understanding of77

the causes and consequences of extreme weather events. If this portion of the dual gamble yields78

unfavorable outcomes for insurers, then it may signal the need for potentially drastic shifts in the79

way these risks are construed, assessed, and managed in the future.80

The prospect of both natural and anthropogenic climate change has potentially far-reaching im-81

plications for the insurance and reinsurance industries. Depending on how these risks are perceived82

by individual players within the industry, there exists a broad range of possible response options.83

In the best of all possible worlds, insurers can, for example, opt to assume that the future will look84

much like the past. In this “business-as-usual” scenario, insurers manage their risks in ways that85

are largely consistent with what they have traditionally done in the past (Helbing 2013). Under86

this mindset, traditional paradigms and methods are deemed sufficient to adequately assess and87

manage these risks. But, what if insured natural catastrophe losses continue to mount in ways88

that continue to surprise decision-makers and elude reliable forecasting? Faced with this situation,89

insurers may choose to direct more effort and resources at (i) better understanding and apprais-90

ing these risks; and (ii) better managing their relevant exposure levels. This course of action, of91

course, proceeds from what is essentially an axiomatically accepted dictum within the industry,92

namely, that the risks in question can be reliably appraised using the language of probability and93

statistics. The global climate system is, however, fundamentally chaotic in nature, which essen-94

tially preclude the possibility of reliable short- to medium-term extreme weather forecasts, as well95

as the precise estimation of key weather-related factors (e.g., humidity, precipitation, atmospheric96
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and sea-surface temperatures, and wind activity).4 Climate forecasting technology continues to97

improve, though efforts to arrive at reliable predictions of long-term climate-related events at very98

small scales — such as rainfall, pressure, and temperature — are still characterized by high levels99

of “non-reducible” uncertainty, due mainly to the chaotic nature of such variables (Fox et al. 2011;100

Ranger and Niehorster 2012).101

As these remarks suggest, the uncertain state of scientific knowledge concerning the potential102

linkage between climate change and extreme weather does not allow us to say much that is defini-103

tive or certain. And while insurers and reinsurers are well-accustomed to confronting situations104

that are characterized by risk, the issue of anthropogenic climate change carries with it enough105

ambiguity and uncertainty that it generates considerable anxiety for insurance industry stakehold-106

ers. In essence, the problem stems from the fact that while insurers and underwriters are often able107

to reach requisite levels of comfort in situations where the attendant risks can be reliably char-108

acterized and appraised, they are far less comfortable in situations where scientific uncertainty109

complicates a decision-making environment that is110

A fundamental question for insurers, then, is whether the risks posed by global climate change111

are, in some way, structurally different than what has previously come to pass, thereby presenting112

insurers with new — and, some would argue, unprecedented — challenges, requiring a fundamen-113

tal rethinking of the conceptual schemes and methods that are used to manage these risks. Indeed,114

it may very well be the case that traditional underwriting and risk management methods are not115

adequate for this task. In this regard, three issues are seen to be central:116

• To what degree can the scientific uncertainty underlying the climate change /extreme weather117

problem be reliably characterized and evaluated by insurers and reinsurers?118

4The chaotic microscale dynamics of climate results in “emergent self-similar” large- patterns (Schertzer and Lovejoy 1991; Menabde et al.

1997) that are characterized by “bounded uncertainty” about the climate variables considered (Corral et al. 2010; Corral and Turiel 2012).
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• To what degree does the global climate system hold the potential for surprise to decision-119

makers?120

• How resilient is the system to these shocks, and what actions might insurers and reinsurers121

take to enhance resilience and minimize the effects of these shocks?122

In what follows, we take up these questions in the context of the potential linkage that may exist123

between anthropogenic climate change and extreme weather, with particular emphasis on tropical124

cyclone activity in the North Atlantic basin. Our remarks are organized along the following lines.125

We begin, in Section 2, with an exploration of the resilience of the P/C industry to extreme weather126

events.5 Specifically, we focus on the profitability consequences of an illustrative (and exemplary)127

set of extreme events — a string of Quartet-scale storms striking the U.S. and a compound event128

that consists of a Katrina-scale storm combined with a mass terror attack on the scale of 9/11. By129

design, these scenarios constructs are extreme (in terms of severity and impact) and grounded in130

experience (we utilize P/C industry reported losses for the hurricane Quartet of 2004 and the WTC131

terror event of 2001). In this way, we look to explore the insurance industry’s response to diverse132

range of extreme shocks, arising from unusual back-to-back events. This kind of extreme scenario133

modeling is consistent with current approaches in the literature to conducting resilience analyses134

that look to go beyond myopic, single-event analyses (Convertino et al. 2013; de Bruijn et al. 2017;135

Panteli et al. 2017). Our econometric analysis suggests a high degree of macro-resilience for the P/136

C industry. We conclude, in Section 3, with a closing commentary on the long-term challenges the137

P/C industry is likely to face on matters pertaining to global climate change and extreme weather.138

5Natural disasters can cause loss of life or property damage, and they typically leave economic damage in their wake, the severity of which often

depends on the affected population’s resilience, or ability to recover. Here, rather than considering the resilience of populations (Aerts et al. 2014),

we focus on the financial resilience of the P/C industry to extreme shocks — in particular, to tropical cyclones, which cause the most casualties

worldwide (followed by earthquakes, tsunamis, floods, epidemics, landslides, droughts, volcanic eruptions and forest fires), and to terror events.
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2. Climate Change and Extreme Weather139

In this section, we explore the issue of the potential linkage between anthropogenic climate change140

and extreme weather, with particular emphasis on tropical cyclone activity in the North Atlantic.141

We frame our discussion in terms of ongoing efforts to arrive at reliable estimates of future tropical142

cyclone activity — on both global and regional scales.143

Is there a Connection?144

In the U.S., the destructive hurricane seasons of 2004 and 2005 left many within the insurance and145

reinsurance industries openly questioning whether the observed increases in the number of tropical146

storms and hurricanes in the North Atlantic might, in some way, be linked to anthropogenically147

induced climate change. In the intervening years, much attention has focused on this question,148

from a plurality of vantage points (Henderson-Sellers et al. 1998; Chan and Liu 2004; Hall 2011).149

In the realm of insurance, for example, Brown et al. (Brown et al. 2015) explore the potential use150

of insurance claims to predict damages and loss estimates; Siebert (Siebert 2016) explore the use151

of insurance in developing countries considering hydroclimatic risk information.6 The prediction152

of cyclone intensity and frequency remains a key challenge, with recent evidence suggesting the153

confounding role that anthropogenic aerosols may play (Dunstone et al. 2013) . On the technology154

side, innovators are exploring ways to (at least partially) control cyclone trajectory on the basis155

of potential socio-economical payoffs (Klima et al. 2011). Of course, Hurricane Sandy in 2012156

was yet another reminder of the destructive force that hurricanes can bring to people and property,157

with record-breaking losses for insurers and reinsurers. More recently, in the summer of 2017,158

6Indeed, the need for models and analyses that have a physical basis for how they model the complex causality and economics of natural

catastrophes has given rise to a new discipline, “catastrophe finance” (Elsner et al. 2009), which aims to quantify and optimize the insurance

portfolios on the basis of detailed understanding of asset risks, as influenced by external stressors and subject to insurance industry dynamics.
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Hurricane Harvey was the costliest tropical cyclone on record, inflicting nearly USD 200 billion159

in damage — breaking the previous record set by Hurricane Katrina — primarily from widespread160

flooding in the Houston metropolitan area.161

For insurers and reinsurers, a key question is this: Will the frequency or the intensity of future162

tropical cyclone activity be measurably enhanced in a GHG-warmed world? In answering this163

question, it is useful to distinguish between two types of risk: event risk and outcome risk. Assess-164

ments of event risk focus on characterizations of frequency or likelihood for particular hazards165

(e.g., hurricane activity in the North Atlantic); assessments of outcome risk focus on the valua-166

tion of outcomes associated with specific hazards or events (e.g., pre-event estimates of insured167

loss). The dichotomy between event risk and outcome risk serves as a useful conceptual vehi-168

cle for exploring the balance of scientific evidence that exists as to the potential linkage between169

anthropogenic climate change and extreme weather. In Appendix C, we review some of the on-170

going efforts to estimate changes in hurricane frequency and intensity, together with changes in171

vulnerability and exposure.172

Estimating Hurricane Risk Exposure173

Consideration of the vulnerability and exposure dimensions of hurricane risk is central to any rea-174

soned approach to climate insurance (Elsner et al. 2009). At bottom, the models that are used175

to explore these facets of hurricane risk focus on population-related variables, and they endeavor176

to characterize and evaluate the effects that hurricanes have on human welfare and physical as-177

sets. Arriving at reliable estimates of economic and insured loss requires an understanding of how178

vulnerable specific geographic regions or structures are to extreme weather events. In seeking179

quantified estimates of vulnerability to these events, modelers begin by characterizing the inven-180

tory of persons and properties at risk. Knowledge about inventory and vulnerability, combined181
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with knowledge and information about the natural hazard itself, allows risk managers to quantify182

the expected impacts and outcomes associated with extreme weather events.183

Most efforts to characterize the primary drivers of hurricane risk exposure focus on two factors:184

(i) how society develops in terms of changing demographics; and (ii) how society prepares itself185

for storms.186

From a risk-based perspective, the vulnerability and exposure dimensions of the problem will187

almost surely dominate any influence that variations in storm frequency and intensity — be they188

caused by natural or man-made factors — will have on overall characterizations of risk for particu-189

lar geographic regions of the country. This is certainly true at very small scales. Indeed, the major190

source of worry concerning hurricane risk exposure in the United States is the fact that the size of191

coastal populations will grow faster than the overall existing population, thereby radically increas-192

ing the number of persons, and both the amount and value of property, in the path of potentially193

destructive hurricanes (Lin et al. 2012).194

As many commentators have noted in recent years, the best available projections of the country’s195

rapidly changing demographics paint an increasingly dire situation. These projections, when com-196

bined with conservative assumptions about the growth of property ownership per person in coastal197

areas, suggests that we will continue to see substantial increases in the value of coastal properties198

vulnerable to hurricanes. Figure 1A and 1B show the level of vulnerable coastal properties that199

existing in 2015 and 2025 assuming (i) a one-half of one percent annual increase in the inflation200

adjusted value of coastal property per person; and (ii) a one percent annual increase in coastal201

property holdings per person.7 The rapid growth of the Gulf States will lead to an explosion in202

the value of vulnerable property, despite the modest per person property growth rates assumed,203

7Note that Florida is included in both the Southeast and Gulf Coast tallies.
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compared to the exposure of slower growing regions (such as the Mid-Atlantic and New England)204

or the Southeast.205

Looking forward, the risk management challenges that arise from these problems are two-fold206

in nature. First, research efforts must continue to strive to develop meaningful regional forecasts207

of tropical cyclone activity. How uncertainty is characterized and evaluated in these forecasts is an208

issue very much at the forefront of current research (Emanuel 2013). Researchers and catastrophe209

modelers will, of course, continue to mine the available historical record for emerging patterns and210

trends, and, over time, these efforts will lend themselves to predictive exercises that yield insights211

that are useful to decision-makers. Second, in the absence of regional forecasts that engender212

confidence on the part of decision-makers and risk managers, efforts must focus on arriving at213

strategic risk mitigation options that are, to some measurable degree, flexible, robust, and capable214

of engendering resilience (Aerts et al. 2014). It is this last topic — the financial resilience of the215

insurance industry to extreme events — to which we now turn.216
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3. The Economics of Financial Resilience217

Our inability to make predictively informative assertions about the connection between climate218

change and extreme weather make it difficult to make reliable inferences as to the potential conse-219

quences associated with a range of possible extreme weather futures. In this section, we use past220

information about the connection between insurance industry profitability and extreme weather221

events to arrive at an order-of-magnitude estimate of the impact that climatic change is likely to222

have on the bottom line of the P/C industry, under a wide range of extreme events.8223

Assessing the Impact on Insurer Profitability224

We begin with an empirical investigation into how extreme weather events impact insurer prof-225

itability. Specifically, we ask the following basic question: how have extreme weather events —226

in this case, hurricanes characterized by very large insured losses — affected the return on equity227

earned by insurers in any given year?9
228

Figure 2 presents the return on equity for U.S. P/C insurers and reinsurers between 1950 and229

2013, with select annotations for years with exceptionally large losses. The first thing to notice230

in this figure is that large hurricane losses have been experienced in years with excellent as well231

as poor industry performance. At first glance, it seems strange to think that large hurricane losses232

might not regularly lead to low returns for insurers, though a moment’s reflection suggests that233

well-run insurance companies will structure their portfolio of risks so that large losses in some234

8A more thorough analysis of the economic dimensions of climate change-related consequences would include a review of the economic theory

of climate change, including: a detailed assessment of analytical work on global public goods; the game theoretic aspects of climate policy in a

world of nation states; the public finance and macroeconomic aspects of pricing climatic changed based externalities, as well as investments by

national and international governmental and non-governmental entities in mitigation.
9The return on equity (ROE) measures the rate of return on the ownership interest (shareholders’ equity) of the common stock owners; it

measures a firm’s efficiency at generating profits from every unit of shareholders’ equity (also known as net assets).
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lines of business are offset by strong performance in others, combined with reinsurance and skilled235

financial management of overall policyholders’ surplus. A perpetual concern for insurers and236

underwriters, though, is how sustainable sound financial performance is in the face of multiple237

high-loss hurricanes, perhaps over the course of a successive number of years.238

To explore this issue, we begin by looking, first, at the distribution of the ratio of hurricane losses239

to policyholder surplus. The plot at the bottom of Figure 2 shows that, between 1950–2013, this240

ratio has been relatively small, with more than 30 years where the loss ratio was less than one tenth241

of one percent. In fact, there have only been 8 years where hurricane loss ratios were 2% or more242

of policyholders’ surplus. Unfortunately, as the left-most portion of the distribution in Figure 3243

illustrates, the bulk of large losses have occurred in recent years, beginning with Hurricane Hugo244

in 1989, through to the 2004 Quartet and the Katrina/Rita/Wilma triplet in 2005. For our purposes245

here, the insured catastrophe losses arising from the 2004 Quartet and Hurricane Katrina are used246

to predict P/C industry responses to extreme events of this magnitude (see Appendix A and B).247

Figure 3 shows the evolution of the ratio of hurricane losses to policyholder surplus from 1950–248

2013. This figure may be somewhat alarming to the casual empiricist, as it vaguely suggests249

a hurricane loss ratio cycle of increasing amplitude, consistent with heightened fears about in-250

creasing hurricane activity. These escalating peaks can, however, be explained by many factors,251

including the spectacular long-term economic boom and population growth in the southeastern252

United States over the past forty years (with much acceleration since the mid-1980s) that has un-253

fortunately placed more people and property in harm’s way, thereby increasing the likelihood of254

greater storm losses.255

Collectively, then, Figures 2 and 3 offer a somewhat ambiguous picture of the relationship be-256

tween hurricane losses and insurer profits. On the one hand, the top of Figure 2 suggests that257

there is no consistent link between hurricanes and P/C industry profits; commensurate with this258

13
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observation, the bottom plot suggests that hurricanes big enough to significantly damage poli-259

cyholders’surplus are infrequent. In contrast, Figure 3 opens the door — however slight — to260

the prospect of increasingly severe losses, though these losses cannot be linked with certainty to261

climate change.262

Econometric analysis can lend some clarity to this muddled situation. From the outset, we note263

that the analysis set forth here — the details of which are presented in Appendix B — fails to264

detect any consistent connection between large hurricanes and insurer profits. In fact, our analysis265

suggests that hurricanes are just one more essentially unpredictable risk that insurers must con-266

sider when covering personal and commercial lines. One explanation for this somewhat counter-267

intuitive result is that private insurers do not cover flood losses; consequently, a substantial part268

of the financial wreckage associated with large storms is simply avoided by insurance markets.269

As we discuss below, the absence of a statistically meaningful link between big hurricanes and270

insurance returns strongly suggests that the industry can withstand the adverse financial impacts271

associated with intermittent high-loss hurricanes.272

Of course, it should, perhaps, go without saying that not all companies will fare equally well273

in the event of big storms. Well-run companies will be able to ride out bad storms by earning274

good returns on other lines of business and through their portfolio management activities, while275

poorly run companies will fail because unsound actuarial analysis and financial management ex-276

poses them to too much risk. The econometric analysis conducted here suggests that occasional277

high-loss hurricanes are yet another “shock” that tests the actuarial and business acumen of in-278

surers in a competitive market place. This process of economic selection rewards competence in279

underwriting, risk management, and financial management, and it punishes poorly run firms with280

weakened financial viability or, in extreme cases, extinction. While particular enterprises in spe-281

cific regions may get themselves into trouble in the aftermath of high-loss hurricanes — leading,282
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in many instances, to substantial changes in the affordability and availability of insurance going283

forward — there is no evidence that returns to the insurance industry, as a whole, are reduced by284

large hurricanes losses in any systematic fashion.285

This interpretation may seem counter-intuitive at first, since there is little doubt that large hurri-286

canes and other extreme weather events lead to substantial losses which reduce insurers’ return on287

equity. Yet, the lack of any statistically significant relationship between the insurance industry’s288

return on equity and the number or strength of hurricanes in a given year means that there is no289

predictable relationship between this form of extreme weather and industry profitability.290

The absence of a statistically significant relationship between large hurricane losses and the291

insurance industry’s return on equity implies that there is no consistent return penalty imposed by292

hurricanes, with the result that we are unable to assess the “normal” costs of hurricanes in terms293

the financial performance of the industry. We are not in a position to say that a year with a large294

number of storms will push profits down relative to a year with a small number of storms precisely295

because there is no systematic relationship between the number or size of storms, on the one hand,296

and industry ROE, on the other — we simply have no evidence on this point. While it is sensible297

to presume that industry returns would be higher in the absence of severe storms losses, such a298

statement is an arithmetic counterfactual that is true but of limited value, in the same way that the299

statement “insurers will experience higher returns if the number of auto accidents suddenly fell by300

a third” is true but trivial. In consequence, while it reasonable to say that insurers’ profits would301

have been higher had fewer bad losses been incurred, this has no bearing on the question of how,302

prospectively, a run of bad luck in matters of extreme weather can be expected to affect insurers’303

profits.304

Along these lines, the astute reader might be tempted to ask whether we can use the average305

decline in insurers’ return on equity as a measure of the burden of hurricanes on the insurance306
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industry, or rely on the mean and variance of large hurricane losses relative to policyholders’ sur-307

plus to make educated guesses about the probability of large-scale financial distress associated308

with extreme hurricanes. Such a procedure implicitly assumes that (i) we possess a good deal of309

knowledge about the probability distribution of hurricane losses relative to policyholders’ surplus;310

and (ii) the parameters of this distribution — whatever they may be — are either stable or evolv-311

ing in predictable ways, which essentially amounts to assuming away the problem of scientific312

uncertainty posed by climate change.313

The overarching goal of this econometric exercise is to determine whether, and to what extent,314

hurricanes impose a predictable financial penalty on insurers so that we can then proceed with315

statistically informed speculation about how any increase in the frequency or severity of storms316

might affect the profits of insurers. Unfortunately, the results of our econometric exercise have not317

provided evidence that hurricanes reduce insurers’ ROE in a consistent fashion, thereby making318

it difficult to assess the price that climate change extracts in terms of insurer profits in the event319

more frequent and destructive storms.320

One important implication of our analysis is that the lack of any statistically significant link321

between hurricanes and the rate of return to equity for insurers actually allows decision-makers to322

make informed guesses about the effects of a string of high-loss hurricanes on overall P/C industry323

losses over time. A conjecture of this sort is possible for two reasons. First, since hurricanes are not324

systematically linked to the rate of return on equity, a big loss in any one year might (or might not)325

pull down industry performance relative to trend, depending on the aggregate results of activity in326

other lines of business, risk management efforts and strategies, and financial market outcomes. A327

large, single storm associated with large losses can only have a substantial effect on the industry if328

other aspects of the business are weak as well. Of course, a tremendously destructive storm — the329

$100 billion mega-event that many within the industry fear — could be so far outside the range330

16

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 January 2019                   Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 January 2019                   doi:10.20944/preprints201901.0304.v1

http://dx.doi.org/10.20944/preprints201901.0304.v1


of losses experienced historically that it could strain many companies at once, thereby leading to331

potentially catastrophic results for the industry as a whole. This possibility is, however, offset by a332

second factor, namely, that the definition of a “large” hurricane loss is relative to the level of total333

industry policyholders’ surplus at any point in time. A $100 billion loss would surely be a severe334

blow to the industry in 2006, as total surplus is estimated to be $583B as of the end of 2012.10 In335

any one year, a “large” hurricane loss is one that is substantial relative to the size of total industry336

surplus. Table 1 shows the current dollar value of the 10 largest hurricane losses, together with337

the level of industry surplus in the year that losses were incurred and the ratio of these losses to338

surplus.339

Our analysis reveals strong statistical correlations between the return on equity earned by insur-340

ers and (i) the return on equity in the previous year; (ii) the return on 10-year U.S. government341

bonds in that year; and (iii) the growth rate of net premiums written over the year. Hurricanes342

are, by contrast, reduced to the status of random forces that drive the system in an unsystematic343

fashion. Figure 4 illustrates the movement of the 10-year Treasury bond rate and net premiums344

written relative to insurers profitability. We note that no matter what sort of hurricane measures345

were included in the model — e.g., the number of hurricanes in a year, the average strength of346

storms (as measured by the Saffir/Sampson scale) over a season, the effect of storms at varying347

levels of intensity, etc. — hurricanes did not have a statistically significant impact on insurers’348

return on equity.349

10This assumes that the random shocks affecting insurance returns include both hurricane and non-hurricane losses that are independent of each

other, as well as unrelated to past values of P/C insurer returns, the 10-year Treasury bond rate, and WTC losses. This assumption implies that

negative effect hurricane losses are generated by the same normal process that generates other, non-hurricane losses. If, however, hurricane losses

are generated by a non-normal process — one with a negative mean and homoscedastic variance — then the error term for the regression equation

is the sum of a normal and non-normal shock. This implies that all tests of the statistical significance of coefficients, and inferences therefrom,

must be based on a mixed compound distribution.
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An important additional influence in the preferred specification for our econometric analysis is350

the impact of the destruction of the World Trade Center on the P/C rate of return in 2001. Indeed,351

the events of 9/11 had an outsized statistical impact on insurers’ rate of return — a fall of more352

than 8 percentage points — that was greater than the direct 5.02% fall in surplus associated with353

the event. This apparent discrepancy is easily reconciled when we recall that the economic impacts354

of 9/11 were so great that losses in many lines of business — including airlines, ports, and other355

modes of transportation — were triggered on 9/11.11
356

Our analysis yields a number of insights, the most important of which are the following:357

• Hurricanes — even those associated with large losses — have no statistically detectable effect358

on the P/C industry’s return on equity;359

• The losses associated with the destruction of the World Trade Center — 5.02% of total poli-360

cyholder surplus, as noted in Table 1 — are, according to our analysis, estimated to have cut361

the insurance industry’s return on equity by about 8.1%;362

• The WTC losses (relative to total policyholder surplus) are much less than those associated363

with Hurricane Katrina in 2005 (8.91%) and Hurricane Andrew in 1995 (10.41%), but are on364

par with those associated with the Hurricane Quartet in 2004 (5.66%).365

• The losses (relative to total policyholder surplus) for hurricane Sandy are the highest of all366

cases considered (11.60%). Sandy was responsible for the highest absolute losses ($60B).367

We speculate that this outcome is, in part, related to demographic differences that, for Sandy,368

entailed higher property values (and the like) than those that were impacted by Katrina.369

11History and context are important here, in that also present in 2001 was the downward pull of the Enron collapse (and related accounting

scandals), which clearly influenced the financial returns to policyholders’ surplus during this time period.
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These findings suggest that the financial impact of large-loss hurricanes (either singly or in com-370

bination in a given year can be construed as random shocks to the industry — shocks that generate371

long-term responses because of the dynamic links between past and present rates of return on372

equity. This interpretation of our findings stands in stark contrast to what is, perhaps, the more373

“intuitive” expectation, namely, that such large-scale losses have a discernibly pronounced nega-374

tive effect on industry profitability. Our analysis reveals that hurricanes do not have a consistent375

and statistically detectable effect on insurance industry returns.376

Stormy Weather Ahead?377

The current statistical exercise assumes that uncertainty about climate change permits insurers to378

look to the past to make informed guesses about how future increases in hurricane frequency and379

severity might affect overall industry profitability. If hurricanes are random negative influences on380

industry returns, as our model suggests, then it is nearly impossible to make reasonable guesses381

as to the long-term impact of a rise in the frequency and severity of hurricanes on profitability.382

However, our econometric framework can be used to arrive at an order-of-magnitude estimate of383

the separate effects of “ordinary” random events (including small-loss hurricanes) and large-loss384

hurricanes on industry returns.12
385

As discussed earlier, our analysis suggests that hurricane losses are random, negative shocks386

to insurers’ returns that push profitability down immediately, with swiftly declining effects on387

future earnings (the reasons for these smallish feedback effects are explained in detail in the Ap-388

pendix). Figure 5 presents four separate and distinct time-paths suggested by the estimated model389

12This macro-level analysis should be augmented by a detailed time series analysis of the connections between hurricanes, premiums and the

profitability of specific lines — especially in homeowners’ insurance — in specific states. This sort of analysis would require theoretical and

empirical modeling of markets under various regulatory constraints which introduce complications in the dynamic and statistical properties of

models that are well beyond the scope of the current exercise.
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(Appendix B), under four possible hurricane loss scenarios: (i) No Quartet-scale hurricane losses390

between 2006 and 2018; (ii) One Quartet-scale storm; (iii) Two Quartet-scale storms; and (iv)391

Three Quartet-scale storms. These four scenarios are created using catastrophe loss data from392

the 2004 Quartet. For these four scenarios, we make the following set of assumptions, each em-393

pirically verified by our data: (a) the average 10-year Treasury bond rate holds steady at 4.5%394

between 2006 and 2018; (b) the average rate of growth of net premiums is 8%; and (c) there is395

no other major catastrophic event during this period — like another terrorist attack on the scale of396

9/11. The reasonableness of these assumptions supports our use of an OLS estimation procedure397

— as described in Appendix A — which, in its generalized form, requires stationarity between398

the predictand and predictors. In addition to the hurricane scenarios outlined above, we also con-399

sider, for purposes of testing the consequences of a particularly extreme form of bad luck, one400

mega-catastrophe scenario — a Katrina-scale loss followed by a 9/11-scale loss.401

The scenarios consider Quartet-scale losses rather than Katrina-scale losses in the hope that the402

Great Flooding of New Orleans in 2005 was a unique disaster, unlikely to be repeated. Of course,403

we could have considered Hurricane Harvey in 2017, but that event is tied with Hurricane Katrina404

as the costliest tropical cyclone on record. Our primary motivation here is to explore scenarios that405

are both illustrative and possible. In this way, multiple Quartet-scale and 9/11-like scenarios are406

useful for understanding the likely magnitude of response of the insurance industry, much as other407

sciences construct models that yield predictions of extreme climate and human-induced dynamic408

trajectories.409

It is important to remember that the current exercise does not assume away terrorism, but rather,410

distinguishes between the separate and distinct impacts of terrorism and large hurricanes on in-411

surer profits. Recall that one result of our analysis is that the 9/11 attacks, combined with the412

downdraft of the accounting scandals of 2001, had a profoundly negative, though temporary, ef-413
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fect on insurers’ return on equity that exceeded the effect of Hurricane Katrina — in large part414

because the atrocities of that day generated further insured losses in other sectors of the economy415

due to the airline industry shutdown, business interruption in various locations, and others. For our416

econometric analysis, then, our strategy is to first consider the impact of hurricane-scale losses on417

their own, and to then interrogate the analysis to determine the effects an extreme compound sce-418

nario involving a series of Quartet-scale storms that are also accompanied by another 9/11-scale419

terrorist event.420

Figure 5 is known as an impulse-response diagram, and its purpose is to illustrate the effect of an421

important economic shock on the evolution of variables of interest. Specifically, Figure 5 evaluates422

the impact of a series of Quartet-scale losses on the return on equity over time, relative to what423

would have transpired had the shock not occurred. The dashed line in the diagram is the long-run424

return of equity for insurers’ that would obtain for the indefinite future if the interest rate, premium425

growth, and terrorism loss assumptions noted above obtain. Each hurricane shock is represented426

by a different line in the diagram, permitting an evaluation of what the statistical model suggests427

will happen under each case.428

Impulse-response diagrams such as those developed here are useful aids for decision-makers429

seeking insights on the effects of a series of major storms on insurers’ profitability. The long-run430

return or “no-Quartet” path is the reference path used to judge the impact of multiple Quartet-scale431

storms on insurer profits. The “no-Quartet” scenario is, of course, hypothetical, but necessary to432

explore the systemic response of the insurance industry as a whole. A single Quartet-scale storm,433

reflective of the actual 2014 situation, four years from the beginning of the simulation, reduces434

insurers’ return on equity by 5% in 2007, as shown by the sudden drop of the path indicated435

by squares. However, insurer return on equity recovers quite quickly thereafter — assuming no436

change in either premium growth or the 10-year Treasury bond rates — so that insurer returns437
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associated with the one-Quartet path are close to the reference path by the year 2011, with no438

change in any other component of profitability. If the U.S. is struck by two Quartet-scale storms439

in 2007 and 2008, then return on equity is about 8.5% lower than the no-Quartet path by the end440

of year 2008, while three Quartets in years 2007 through 2009 results in returns that are slightly441

over 10% lower than in a world without major storm losses. Of course, a two or three storm442

sequence will push down industry returns for an extended period of time, though both the two-443

and three-Quartet paths display remarkable resilience.444

Finally, the results depicted in Figure 5 contain a hopeful message that should provide some445

measure of consolation to insurers who dread the prospect of an extreme event sequence — such446

as the Quartet-scale scenarios explored here — over a number of years. The resilience of indus-447

try returns in the event of even a sequence of extreme weather events and the associated losses448

suggests that insurers’ current underwriting, pricing, and financial management policies will, in449

all likelihood, enable companies to deal with threats to profitability posed by the possibility of450

increased hurricane frequency and severity in the future. Note that the statistical analysis which451

grounds this simulation assumes that insurers’ continue to operate as they have in the past, even452

in the face of a sequence of large storms, with the consequence that the time-path of returns in the453

worse-case scenario converges to within 20% of the reference path four years after the last great454

storm. Of course, the negative effect of a series of high-loss hurricanes can also be offset by high455

interest rates, improved underwriting margins, or by other mechanisms for offsetting very large456

losses. Still, the most important message of this statistical exercise is that P/C insurers are cur-457

rently well-positioned to withstand the financial consequences of a series of Quartet-scale storms458

based on their current operating and underwriting procedures.459
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A Short Glimpse at a Mega-Catastrophe460

We now briefly consider a hypothetical compound, mega-catastrophe scenario: a Katrina-scale461

hurricane loss that is followed by a 9//11 terrorist loss. Figure 6 illustrates the projected time-path462

for return on equity under this compound scenario that involves massive storm losses, followed463

by an even larger terrorism loss. The figure shows that insurers’ profitability is badly damaged464

under this scenario, but would, again, recover to within 75% of the “no-storms /no-9/11” within465

five years.466

Financial Resilience in Context467

In order to place our findings in context, we must first remember that the resilience of the industry’s468

profitability in the face of a series of Quartet-scale storms is connected to the usual mechanisms469

of retrenchment by insurers in the face of large losses: higher premiums, higher deductibles,470

lower limits, and reduced insurance availability in high-risk areas (Hall 2011; Schwarze 2012).471

The robust adjustment process of profitability to large shocks displayed above, though comfort-472

ing and, in part, indicative of the considerable power of market mechanisms, still leads to the473

withdrawal of capital from regions and lines of business hit by large, concentrated losses in favor474

of more lucrative lines within insurance and the broader financial services sector. A more finely475

grained econometric analysis — based, perhaps, on a dynamic, stochastic general equilibrium476

model of pricing, availability and risk portfolio choice by the industry — would reveal the statis-477

tical anatomy of industry adaptation observed in practice and consistent with economic common478

sense: the restoration of insurers’ profitability in the wake of a run of bad hurricanes includes the479

reallocation of capital to more remunerative and safer activities.480

The withdrawal of capital from high-risk areas hit by big storms will, of course, either lead to481

more expensive insurance in states where regulators allow market pricing to operate, or to an even482
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more severe reduction in availability where government prevents the price mechanism from work-483

ing. In this matter, as in many others areas of insurance, high storm losses will be followed by484

one of two possible price/quantity regimes: (i) a regime where prices are high enough to reflect485

the frequency and severity of losses in storm-battered regions, in a manner that compensates in-486

surers’ for the risks they take on; or (ii) a regime of controlled prices where insurance is scarce487

because government policies are not responsive or adaptive to the fact that insurers cannot pro-488

vide protection for people and property in high-risk places at low prices.13 A third option — the489

increased socialization of insurance by the creation and expansion of state sponsored insurance490

and re-insurance facilities in affected states — is a likely short-term response to the problem of491

the declining availability and affordability of insurance in the aftermath of large hurricane losses.492

However, these mechanisms are so freighted with well-known incentive and fiscal problems (and493

related uncertainties) that they cannot be long-term solutions to the problem of expensive insur-494

ance in regions where private insurers must cope with substantial exposures to large hurricane495

losses.496

Finally, to test the robustness of our model and analysis, we verify variable importance using a497

Global Sensitivity and Uncertainty Analyses (GSUA) technique (see Appendix for an explanation498

of the method). Figure 7 shows that the number and average intensity of hurricanes are second-499

order factors in predicting ROE, thus they can be neglected by the model. This analysis, by itself,500

13These remarks should not be interpreted as either implicit or explicit support for a federal government role in providing reinsurance in cases

of natural disasters. The considerations raised in Jaffee and Russell’s (Jaffee and Russell 2003) excellent economic analysis of arguments for and

against a natural catastrophe reinsurance scheme must still be explored in far more detail before a reasonable conclusion about the feasibility — to

say nothing about the desirability — of a natural catastrophe fund is reached. Our purpose here in assessing the resilience of the insurance industry

in the face of a series of large hurricane losses is to assess the financial consequences of extreme weather events. To the extent that our focus here

is limited to the issue of financial resilience, we remain agnostic about whether — or how — a natural catastrophe reinsurance system would alter

the protective or efficiency properties of insurance markets.

24

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 January 2019                   Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 January 2019                   doi:10.20944/preprints201901.0304.v1

http://dx.doi.org/10.20944/preprints201901.0304.v1


produces an interesting result, because it suggests that the magnitude and number of hurricanes501

do not affect insurance industry profitability in a noticeable way, at least for the data used here502

to validate the model. The most important variables are the interest rate on ten year Treasury503

bonds and the premium growth rate; accordingly, these factors are climate-insensitive. In contrast,504

terror attacks can affect the ROE, since the corresponding variable in the model is the third most505

important factor explaining ROE variability. Overall, because model variable interdependence506

is low (small Si j), the non-linearity between extreme events and insurance industry is relatively507

small, at least in the context of the selected model.508

We point out that Ht , Zt , and ri
t−τ (for the temporal lag τ different than one) are, for the data509

set employed here, second- and third-order factors, respectively (as indicated by the GSUA plot510

shown in Fig. 8) that can be dropped from the original model considering the prediction of rt . The511

ri
t−1 term is representative of the historical dependence of ROI; ri

t−1 is weakly dependent on any512

other factor as much as ri
t , considering their small value of Si j. Therefore, the hurricane-insurance513

dynamics observed here are characterized by a small non-linearity, and the simple chosen model514

is meaningful to predict ROI variability. It is important to note that these empirical findings should515

not be taken to imply that, in reality, the factors Ht , Zt , and ri
t−τ ) are completely non-influencing516

for ROI variability; still, in terms of prediction of ROI, they do not have a major influence in517

its variability. Ultimately, every model and analysis of this kind is strongly dependent on (i) the518

outcome that is predicted (in this case, ROI), (ii) the scale and resolution at which the outcome is519

predicted (in this study, for the whole insurance industry and the year resolution), (iii) the dataset520

used, and finally (iv) the model used for making predictions. Here, we choose a simple, almost521

“assumption-free” model precisely to avoid any model-induced artifacts; of course, along the way,522

we show how our dataset is consistent with the underlying assumptions of our econometric esti-523

mation and inference procedure.524
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A review of the extant literature reveals econometric analyses with findings that are qualita-525

tively similar to ours. For example, (Chatzivasileiadis et al. 2017) find that investors react pos-526

itively (with significant, though short-lived, stock market returns) to hurricanes, thereby lending527

partial credence to the idea of insurer financial resilience in the face of extreme weather events;528

in the same paper, the authors show that different industries react differently to hurricanes, but529

they did not investigate universal response patterns across all industries. In a similar vein, (Feria-530

Dominguez et al. 2017) showed that P/C insurers were, in terms of cumulative average abnormal531

returns from 10 days before to 10 days after hurricane landfall, insensitive to Hurricanes Katrina532

(2005) and Sandy (2012). These empirical findings are consistent with other studies of the im-533

pact — both immediate and subsequent — of Hurricane Katrina, highlighting that the short-term534

economic impact was small and perhaps suggesting that investors do not “overreact” to hurricanes.535

Considering, then, both of the impulse-response diagrams presented here, it is evident that re-536

silience is higher for larger impacts, considering both the the speed of recovery as well as the537

inverse of the area under the unaffected (ROE) profile. This dynamic seems to be a universal pat-538

tern that is independent of system details. The area under the unimpacted profile is proportional539

to the damage (the complementary of the area can be considered as the “learning” information540

volume), as is the slope of the response function as the speed of the system’s recovery. The larger541

the catastrophe, the higher the learning, as well as the speed of recovery. Practical examples of542

this behavior, in the context of hurricane disasters, are the ex post behavioral dynamics of events543

related to Hurricanes Katrina, Sandy, and Harvey.544

26

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 January 2019                   Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 January 2019                   doi:10.20944/preprints201901.0304.v1

http://dx.doi.org/10.20944/preprints201901.0304.v1


4. Concluding Remarks545

In this paper, we have sought to explore the financial resilience of the insurance and reinsurance546

industries in the face of climate change and extreme weather. Contemporary climate science is547

an impressive intellectual endeavor that has revealed much about the complex dynamics of the548

Earth’s climate system, enough to put us on notice that climate change is a natural phenomenon,549

increasingly driven and amplified by human activity (IPCC 2013). Indeed, while climate science550

has gradually confirmed man’s influence on the cyclical and millennial changes of the global551

climate system, it still only offers few hints as to how anthropogenic influences on the Earth’s552

climate might affect weather patterns in particular regions of the world, or the frequency or severity553

of extreme weather events like hurricanes, tornadoes, heat waves, torrential rains, and rising sea554

levels. Advances in climate science have shown us that the Earth’s weather systems are complex555

and mathematically chaotic, and unlikely to fully reveal their internal mechanisms to scientists for556

decades to come. For now, all we know for certain is that our planet’s climate is changing, that this557

change could lead to an increase in the frequency and severity of dangerous weather at some time in558

the future — perhaps over the course of the next century (or more) — and that institutions charged559

with the pricing, management, and mitigation of risk should pay close attention to evidence that is560

emerging.561

Here, we have sought to explore the profitability consequences of massive losses from one form562

of extreme weather — a string of Quartet-scale storms striking the United States, as well as the563

prospect of a Katrina-scale storm combined with a mass terror attack on the scale of 9/11. The564

results of this econometric analysis that explores the relation between insurer profitability and565

extreme weather suggest a high level of macro-resilience for the insurance industry, in the sense566

that the system — with its current operating procedures — can withstand a series of extreme567
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shocks. Yet, as our discussion above suggests, the industry’s recovery mechanism involves a series568

of price and quantity adjustments, along with regulatory and public policy developments, that will569

almost surely alter the long-term availability and affordability of insurance, along with insurers570

methods for managing claims in the face of disaster. A detailed, micro-economic analysis of the571

insurance industry’s response to the challenges posed by climate change involves a much more572

tightly focused consideration of the interaction of particular perils — tornadoes, flood, hurricanes,573

heat — in particular regions, with specific regulatory approaches in light of state and federal public574

policy constraints, as well as the financial conditions facing insurers. Of course, the issue of how575

insurers deal with gradual, as opposed to abrupt, climate change is, itself, a vast subject in its own576

right, not least because abrupt climate change threatens to make it difficult if not impossible for577

companies to use their accumulated knowledge about past risks and losses to predict what may be578

an utterly different weather future.579

To be sure, insurers and reinsurers will face a number of practical challenges in applying cli-580

mate science, economics, risk management, and (lest we forget) common sense to the problem of581

pricing, managing and mitigating catastrophic risk. For its part, climate change — and its poten-582

tial linkages to extreme weather — remains an uncertain (and potentially game-changing) factor583

influencing the financial resilience of the industry.584
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APPENDIX592

Appendix593

Appendix A: Data594

The various data sets used as part of our econometric analysis were obtained from the NOAA595

hurricane data base (hurricane number and strength data, 1954–2013), the Economic Report of596

the President (U.S. Treasury bond rates), and the Insurance Information Institute (annual P/C rate597

of return data, 1950–2013). The index (Z) for hurricane intensity is the average category number598

for hurricanes based on the Saffir/Sampson scale. We note that 1958–1994 hurricane data for the599

Atlantic basin are derived from scanned image information of printed reports.600

These datasets were used to construct extreme scenarios involving combinations of events, so as601

to enable us to explore insurance industry responses to these extreme compound events. Specifi-602

cally, we considered the Quartet of storms striking the U.S. in 2004, as well as a compound event603

that consists of a Katrina-scale storm combined with a mass terror attack on the scale of 9/11.604

Our rationale for focusing on the Quartet was that 2004 had the most major hurricanes since 1996605

(a record which was finally surpassed in 2005 with Hurricane Katrina). In particular, the state of606

Florida was severely impacted by four hurricanes during this time period: Hurricane Charley (H4),607

Frances (H4), Ivan (H5), and Jeanne (H3), hitting the U.S. sequentially over the course of a single608

hurricane season. Finally, also included was Hurricane Sandy, the most destructive hurricane of609

the 2012 Atlantic hurricane season, and was the second deadliest hurricane after Katrina; insured610

catastrophe losses emerging from Sandy are estimated at $65 billion. The WTC 9/11 losses in611

2001 were determined from insured catastrophe loss data.612
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Appendix B: Econometric Model for Estimating P/C Industry Financial Resilience613

A number of single multilinear equation models exploring the link between the rate of return614

on P/C surplus and various measures of hurricane activity have been estimated using standard615

econometric estimation techniques.14 Using lagged realizations of the dependent variable (ROI) as616

independent variable, we tested several different metamodels. These lagged models are essentially617

Dynamic Regression Models15, as they do not, a priori, imply any preferential lag τ , and they618

define the “causal” lag after numerical analysis. The AIC is calculated for any model, and this619

value can (with some caveats) be used to choose the lags for the ROI. The closeness of model620

predictions to the actual data is shown by the posterior frequencies in the attached figure (Fig. 7).621

The procedure should be repeated for all subsets of predictors to be considered, and the model622

with the lowest AIC value is selected. The most complex model was of the form:623

ri
t = β0 +β1Ht +β2Zt +β3r10

t +β4ri
t−τ +β5D9/11

t +β6PremGrowt + εt ,

where624

14See, e.g., Hayashi (Hayashi 2000).
15See, e.g., (Pankratz 1991).
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ri
t = return on equity for insurers in year t;

Ht = number of hurricanes with billion dollar losses in year t (2013 dollars);

Zt = index of mean intensity of hurricanes in year t;

r10
t = interest rate on ten year Treasury bonds;

ri
t−τ = return on equity for insurers in year t− τ, where τ is the time lag;

D9/11
t = binary variable for 9/11 terrorist attack (1 = 9/11 attack);

PremGrowt = growthrateofnetwrittenpremiumsinyear t;

εt = standard normal i.i.d. error term.

Interestingly, as shown in Table 2, the full model above consistently yields statistically insignifi-625

cant estimates for the number and intensity of hurricanes (Ht and Zt , respectively) in any given year626

— both when lagged P/C returns were included (Column 1) and excluded (Column 2), where Ta-627

ble 2 contains the relevant information on coefficient values, corrected t-statistics (in parentheses),628

the standard error of the estimate (SEE), the value of the Durbin h-statistic (h), and the estimate of629

the first-order serial correlation coefficient for the OLS error (ρ) for various model specifications630

that were rejected. As noted in the main text of the paper, other specifications included separate631

variable for hurricanes of different power — Categories 1–5 — as both dummy variables and as632

cardinal measures of storm power. As before, none of these variables were statistically significant.633
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The final model was derived considering all possible combinations of factors (including rt at634

different lags τ), and the preferred equation (on statistical grounds) is:635

ri
t = β0 +β3r10

t +β4ri
t−1 +β5D9/11

t +β6PremGrowt + εt ,

where Ht and Zt are second- or third-order factors that are dropped from the equation, and the lag636

τ is selected as being equal to one year. For the period 1954–2013, the model is estimated as637

ri
t = 0.589+0.073r10

t +0.681ri
t−1−9.003 D9/11

t +0.297 PremGrowt ,

(0.411) (0.185) (5.100) (−2.980) (3.484)

with SEE = 1.670, ρ = 0.394, and Durbin h = 6.201. The correlation matrix associated with638

this equation is presented in Table 2. Considering the original model, we show how the posterior639

probability of rt is weakly dependent on the lag considered. Specifically, we find that ri
t depends640

on the lagged realization ri
t−τ for τ = 1, but not on the values in previous years. Additionally, the641

importance of ri
t−1 is limited with respect to the other variables, which is indicative of “pseudo-642

memoryless” ROI dynamics.643

Note that the lagged value of insurers’ return on equity is highly correlated with the current644

value of the 10-year Treasury bond rate, indicating a high degree of collinearity between these two645

variables, which accounts for the low value of the t-statistic on the Treasury bond rate variable. In646

addition, the Treasury bond rate has a moderate degree of correlation with net premium growth.647

In order to determine the relative importance of lagged realizations of ROI, we made a proba-648

bilistic analysis that evaluates the model multiple times, analyzing the predicted probability distri-649

bution function (pdf) with the the pdf of ROI from data. We computed the odds ratio as the fraction650

of the odds of a ROI change (at least 10% of change) in the year following a year with at least651

one hurricane, to the odds of a ROI change in the year following a year without a hurricane, i.e.,652
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OR = pdf(r|H)/pdf(r). The posterior probability is shown in Figure 7. The posterior probability653

of a change in ROI considering also the ROI in the previous year (for any time lag) is slightly654

smaller than the change in ROI considering only r10
t ; the range of values considering only r10

t is655

narrower, and the maximum influence is smaller, than what the optimal model with rt−1 predicts.656

This makes intuitive sense, considering that the growth of ROI may be mitigated, in part, by pre-657

vious realizations. We determine that the optimal lag for our model-based predictions of ROI is658

τ = 1. A predicted higher ROI with r10
t is only possible by representing a risk-taking scenario659

where no memory of previous events is considered. The frequencies used are based on the rela-660

tive frequency of the odds ratio being between the various class intervals along the horizontal axis661

from 10 Monte Carlo samples. With only r10
t , the median odds ratio is 0.15 and the mean is 0.20.662

With rt−1 and r10
t , the median odds ratio is 0.097 and the mean is 0.19. The maximum likelihood663

estimate of the frequency distributions (data and model predictions) is a lognormal distribution,664

and the coefficient of determination is R=0.88. The two distributions show that the presence of a665

hurricane is a second or third order factor on the ROI change; the inclusion of historical ROI, for666

time lags τ higher than one, does not make any difference in the change of ROI. For the dataset667

used here, the average change is on the order of 0.10–0.20%. The value of ri
t−1 already contains668

all the information about historical variability.669

The computational steps used to obtain the profiles shown in Figures 5 and 6 are the following:670

671

1. Selection of the scenario to use in the model (no-Quartet, one/two/three Quartets, Katrina672

only, Katrina and 9/11, Sandy and 9/11);673

2. Inclusion of the scenario-based values of Ht , Zt , ri
t−1 in the model;674

3. Calculation of ri
t and model parameters for any value of t in the time period considered; and675
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4. Monte Carlo predictions of ri
t considering sampling of pdfs of the model’s factors.676

Appendix C: Model Choice and Global Sensitivity and Uncertainty Analysis677

As for the validity of the OLS estimation procedure used here, we observe that there are no evident678

outliers, not so many variables, no stringing non-linearity, and the dependence among variables679

is small. We also observe that the error term εt of the dependent variable is normally distributed.680

Additionally, considering our dataset, we do not observe heteroscedasticity. In this way, all of the681

assumptions that underly our econometric approach to estimation and inference have been verified682

on data which support the reasonableness of these assumptions (normality of errors, homoscedas-683

ticity, and lag-independence). We comment, however, that the standard normality assumption on684

the error εt is rarely (if ever) exactly true when one is working with real data. Still, there are good685

reasons to believe that, for the dataset used here, OLS efficiently reproduces the macroscopic686

relationship that exists between hurricanes and the financial resilience of the insurance indus-687

try. Indeed, this purpose defends the choice of a fixed-effects OLS model, in that if no repeated688

effect was found, then the fixed-effects OLS model was revealing its invalidity (for instance, be-689

cause of some non-fixed effects).16 As for the stationarity assumption, our case is one where690

the non-stationary variables are “co-integrated”; if there exists a linear combination between the691

non-stationary predictand (i.e., ROI) and the predictors that is stationary, then the estimated coef-692

ficients are correct.17 In our case, the only variable that can alter the prediction is D9/11
t , which is a693

“point-scale” function that is, at bottom, hard to predict, and the only factor in our model that can694

be considered non-stationary. For our purposes here, however, D9/11
t should be considered as any695

disturbance function altering ri
t . Thus, a macroscale response pattern of the insurance industry’s696

financial performance would not appear if D9/11
t were strong enough to cause a major perturbation697

16See, e.g., (Miljkovic and Miljkovic 2014).
17On this point, see, e.g., (Harris and Sollis 2003).
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on the industry by itself. Therefore, in light of the above considerations, we believe that our model698

reproduces faithfully the macroscale dynamics between hurricanes and the financial performance699

of the insurance industry.700

A sensitivity and uncertainty analysis was conducted on the econometric model specification701

and analysis described above, using a probabilistic methodology called Global Sensitivity and702

Uncertainty Analysis (GSUA), as described by (Lüdtke et al. 2008). GSUA considers all probabil-703

ity distribution functions (pdfs) of variables and their entropy in order to determine their relative704

importance and interdependence in predicting the output of interest — in this case, ROE. This705

method allows us to simplify the models presented earlier by neglecting variables of second-order706

importance in the ROE prediction task. Variables of first-order importance and interdependence (or707

interaction) for reproducing the pdf of ROE are calculated via so-called mutual information indices708

(MII) (Lüdtke et al. 2008). These indices use the mutual information normalized by the entropy709

of the output variable considering one variable or pairs of variable, respectively: Si =
MI(Xi;Y )

H(Y ) and710

Si j =
MI(Xi;X j|Y )

H(Y ) , where Xi is any covariate and Y is the ROE. The use of the transfer entropy instead711

of the mutual information can give further information about the directionality of the model-based712

causality between covariate and predictive outcome (in the predictive sense of the model) and the713

time-lag of such causality.714

Appendix D: Hurricane Dynamics715

ESTIMATING HURRICANE FREQUENCY716

Variability is an endemic feature of the Earth’s climate. Understanding the natural climatic vari-717

ability of the globe is therefore central to understanding the potential influence that anthropogenic718

factors might have on global climate change. Models and experiments that disentangle the natural719

and anthropogenic factors that drive climatic change are central to efforts directed at devising bet-720
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ter predictive capabilities. Globally, the 1980s and 1990s were characterized by unusually warm721

weather. In fact, eight of the 10 warmest years in the past century occurred during this time period.722

As Figure S1 illustrates, an increase in global mean surface temperature change (of about 0.3◦C –723

0.6◦C) has occurred since about 1860. A cursory glance at this figure reveals both year-to-year and724

decade-to-decade variability in the historical record; and even though there is a distinct warming725

trend, the increase is nonuniform, with periods of both cooling and warming.726

Turning to the specific issue of hurricane activity in the North Atlantic, Figure S2 illustrates that727

the mid-1990s marked the beginning of a period of pronounced increases in the annual number728

of named tropical storms and major hurricanes in this region. In the Atlantic hurricane season of729

2005, for example, there were a record-breaking 27 named storms, 14 of which were hurricanes.730

Of these 14 hurricanes, seven were classified as major hurricanes; three of these seven major731

hurricanes reached Category 5 status. Empirical evidence suggests that the frequency and intensity732

of tropical cyclones is increasing as surface ocean temperatures increase (Elsner et al. 2008). ‘733

The observed variability in hurricane frequency in the past decade is not so extreme that it cannot734

be explained in terms of naturally occurring multi-decadal variability. The global historical record735

for tropical cyclones yields several important insights in this regard. First, it is important to note736

that globally, there has been no appreciable increase in tropical cyclone activity over the past737

several decades. Webster et al. (Webster et al. 2005), for example, note that over the past 30 years,738

there has been no trend towards either increases or decreases in the total number of storms seen739

in a given year. Indeed, from a global perspective, these results are not surprising, as the past740

half-decade or so has seen heightened levels of hurricane activity, whereas the 1970s, 1980s, and741

early 1990s were marked by diminished levels of hurricane activity. One has to look as far back as742

the 1940s, 1950s, and the early 1960s to find hurricane activity levels commensurate with present743

levels.744
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As for the spatial variability of tropical cyclones, a discrepancy in trends of intensity and fre-745

quency is observed for different basins other than the Atlantic cyclone basin (Elsner et al. 2008).746

This observed regional variability in the number, intensity, and frequency of tropical storms and747

hurricanes complicates efforts to arrive at a comprehensive and global understanding of the major748

influences of tropical cyclone frequency — be they anthropic in character or naturally occurring.749

Indeed, while storms in the North Atlantic have become more frequent since the 1990s, in other750

parts of the world — such as the Western and Eastern Pacific — tropical cyclone frequency has, in751

fact, declined since the early 1990s. As Webster et al. (Webster et al. 2005) describe, the current752

situation is one where “against a background of increasing sea surface temperature, no global trend753

has emerged in the number of tropical storms and hurricanes” [emphasis added]. As we discuss754

below, our current inability to arrive at global insights has important ramifications for ongoing755

efforts to arrive at regional characterizations of the behavioral dynamics of tropical cyclones.756

In all of this, we are, of course, keenly interested in deriving reliable estimates of the frequency757

of future tropical cyclone activity. As described above, however, current efforts to utilize the758

available historical record to discern trends — which can, in turn, be used as the basis for deriving759

forward-looking projections of future tropical cyclone activity — have led to largely inconclusive760

results.761

Given these limitations, climate scientists also pursue a number of global modeling efforts that762

seek to arrive at realistic representations of the global climate system; these representations are763

then used to produce model-derived projections of future tropical cyclone activity (Emanuel 2005;764

Elsner et al. 2008; Elsner et al. 2009; Lin et al. 2012; Schwarze 2012). While progress has been765

made in developing increasingly sophisticated models of the global climate system, the climate766

change research that bears most directly on questions concerning potential future changes in hur-767

ricane frequency arising from greenhouse warming is, at best, ambiguous. The major modeling768
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results published in recent years lack consistency in projecting increases or decreases in the total769

number of storms.18
770

One area where the empirical studies and the global modeling results are in agreement is in pro-771

jecting that future changes in tropical cyclone frequency will be regionally dependent. If true, this772

situation will require modeling efforts that are capable of rendering informative regional forecasts773

and scenarios. At the present time, though, climate scientists’ understanding of tropical cyclo-774

genisis is too incomplete to render reliable projections about future changes in tropical cyclone775

frequency. This observation notwithstanding, what the historical record illustrates with great clar-776

ity is that future changes in hurricane frequency are likely to exhibit considerable year-to-year and777

decade-to-decade variability.778

ESTIMATING HURRICANE INTENSITY779

The analytical task of discerning trends in tropical cyclone intensity is more complex than that of780

estimating tropical cyclone frequency. One reason for this is that there are, in fact, several plausi-781

ble measures of storm intensity. Common measures of tropical cyclone intensity are: Maximum782

Potential Intensity, Average Intensity, Average Storm Lifetime, Average Wind Speed, Maximum783

Sustained Wind Speed, Maximum Wind Gust, Accumulated Cyclone Energy, Minimum Central784

Pressure, and Power Dissipation. As before, it is useful to begin our discussion by examining785

the historical record for indications of how tropical cyclone intensity has varied over time. The786

empirical record reveals that, over the past half-century, tropical and subtropical sea-surface tem-787

peratures have shown an overall increase of approximately 0.2◦C. Although most global modeling788

studies predict increases in modeled storm intensities under greenhouse warming scenarios, the789

statistical evidence in favor of hypotheses that postulate systematic increases in potential storm790

18See, e.g., Henderson-Sellars et al. (Henderson-Sellers et al. 1998), Royer et al. (Royer et al. 1998), and Sugi et al. (Sugi et al. 2002).
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intensities is weak.19 Webster et al. (Webster et al. 2005), for example, note that globally, since791

1970, the annual number of Category 1 hurricanes has declined, whereas the number of Category 2792

and Category 3 hurricanes has fluctuated (though the global average has, nevertheless, remained793

fairly constant over the same time horizon). Over the same time period, the number of Category 4794

and Category 5 hurricanes has increased.795

At present, there is only weak evidence suggesting the possibility of a systematic increase in796

the potential intensity of future tropical cyclone activity. Emanuel (Emanuel 2005), for example,797

reports a discernable upward trend in power dissipation20 in the North Atlantic and the Western798

North Pacific. And while the observed trend is dramatic (a factor of two increase over the past half799

century), the underlying causal mechanisms are far from being well-understood.800

In the North Atlantic — consistent with our earlier remarks about storm frequency — recent801

increasing trends in Atlantic storm intensity can largely be explained by multi-decadal variations802

that are, in some respects, better understood than the physical theories that attempt to relate storm803

intensity to tropical climate change. Numerous statistical studies have mined the available empir-804

ical record for evidence of anthropogenically-induced trends; still, no significant anthropogenic805

trends have emerged from these studies.21 Some recent analysis have shown how intensity and806

frequency of tropical cyclones are correlated, where cyclone intensity is a power-law distributed807

variable (Corral et al. 2010). Having explored the relevant empirical findings, let us return to the808

global modeling studies that we discussed earlier, this time exploring the model-based, theoreti-809

19See, e.g., Free et al. (Free et al. 2004).
20Power dissipation measures the total amount of energy released by a hurricane over its lifetime. Technically, Emanuel (Emanuel 2005) defines

the annual power dissipation index (PDI) as the integral of the third power of the maximum sustained wind speed over all 6-hour observations at

tropical storm intensity or higher and over all tropical cyclones during the year.
21See, e.g., Landsea et al. (Landsea et al. 1999) and Chan and Liu (Chan and Liu 2004).
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cal insights that have emerged in recent years about the influence that anthropogenically-induced810

greenhouse warming might have on hurricane activity in the United States.811

Early efforts along these lines gave many pause for concern. In 1987, for example,812

Emanuel (Emanuel 1987) reported that a doubling of atmospheric CO2 levels would give rise813

to increased sea-surface temperatures, eventually producing 40–50% increases in the maximum814

strength of hurricanes.22 The very latest global modeling studies have sought to explore the man-815

ner and degree to which anthropogenically-induced warming influences tropical cyclone intensity.816

Some studies suggest that the projected changes in tropical cyclone intensity are small. Emanuel,817

for example, reports a 10% increase in wind speed for a 2◦C increase in tropical sea surface tem-818

perature.23
819

In interpreting these results for insurance-related risk management contexts, it is important to820

recognize that an endemic feature of the types of global simulation studies discussed above is that821

they lend little insight into questions concerning the timing of these projected increases. This is822

true, also, for recent detailed predictions (Emanuel 2013), particularly for the timing of cyclones823

at very small scales. In many of these global modeling studies, modeled changes in tropical824

cyclone intensity unfold over very extended time horizons. As Knutson and Tuleya (Knutson and825

Tuleya 2004) note, “CO2 -induced tropical cyclone intensity changes are unlikely to be detectable826

in historical observations and will probably not be detectable for decades to come” [emphasis827

added]. Michaels et al. (Michaels et al. 2005) echo this belief — and take it, perhaps, one step828

22As alarming as these predictions were, it is worth noting that, at around this same time, equally credible scientists were arguing the reverse,

i.e., that greenhouse warming could, in fact, give rise to decreases in hurricane frequency and intensity. See, e.g., Idso (Idso and Mitchell 1989)

and Idso et al. (Idso et al. 1990).
23Two sets of published results suggest that Emanuel’s estimates may, in fact, overstate the true value of these projected increases. Researchers

using the GFDL model, for example, report a 5% increase in hurricane wind speeds by 2080 (Houghton et al. 1990; Knutson and Tuleya 2004);

more recently, Michaels et al. (Michaels et al. 2005) report even smaller increases over comparable time horizons.
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further — with their assertion that changes in “future hurricane intensities will be undetectable in829

the foreseeable future and, in fact, may never be manifest” [emphasis added].830

As before, arriving at reliable assessments of regional climate change is, perhaps, the greatest831

challenge facing climate modelers today. The ability to link — conceptually and empirically —832

anthropogenic climate change to storm intensity in ways that lend themselves to modeling efforts833

that yield reliable regional forecasts is, unfortunately, some years away.834
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FIG. 8. First and second order sensitivity index (Si and Si j) for the ROE model. The number (Ht) and mean

intensity (Zt) of hurricanes are second-order factors in predicting ROE, thus they can be neglected by the model.
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Hurricane Year Losses * Total Surplus* Ratio 
Katrina 2005 $38.10 $427.201 8.91% 
Andrew 1992 $20.88 $200.54 10.41% 
Charley 2004 $7.47 $402.26 1.85% 

Ivan 2004 $7.11 $402.26 1.76% 
Hugo 1989 $6.39 $166.44 3.83% 
Wilma 2005 $6.10 $427.20 1.42% 

Rita 2005 $4.70 $427.20 1.10% 
Frances 2004 $4.59 $402.26 1.14% 
Jeanne 2004 $3.65 $402.26 0.91% 

Georges 1998 $3.36 $423.40 0.83% 
WTC 2001 $18.80 $374.36 5.02% 

* in billions of current dollars

Sandy 2012 $68.00 $583.50 11.60% 

TABLE 1: Top ten insured losses in current dollars and as a fraction of policyholders surplus
(source: ISO; I.I.I.).
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Variable 1 2 3 4
Constant

H
t *****

*****
Z
t *****

*****

r
t

10

r
t−1 *****

*****
D
t

t
PremGrow

SEE 2.000 2.446 1.923 1.871
DW ***** 1.589 ***** *****

Durbin h 7.110 ***** 6.4011 8.114

ρ 0.033 ***** 0.294 0.317

Time Period 1954-2013 1954-2013 1954-2013 1954-2013

Model

7.04.11 3.99 5.83
(1.73) (2.41) (2.04) (2.37)

0.620.83 0.40
(1.10) (1.15) (1.26)

-0.18-0.27 -0.09
(-1.32) (-1.44) (0.03)

0.370.32 0.33
(1.37) (1.42) (1.30)
0.31 0.27 0.28

(3.10) (3.05) (2.90)
-7.85-7.64 -6.44

(-.277) (-3.20) (-3.11)

0.150.21 0.27 0.26

(2.99) (2.14) (2.87) (3.14)

0.21
(0.88)

-9.11
(-3.26)

TABLE 2: Various specifications of the P/C return on equity model. Each column represents a
different model specification.

61

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 January 2019                   Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 January 2019                   doi:10.20944/preprints201901.0304.v1

http://dx.doi.org/10.20944/preprints201901.0304.v1


i

t
r 1−

10
t
r

11/9
t
D t

PremGrow

i

t
r 1−

1

10
t
r 0.718 1
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D -0.037 -0.043 1

t
PremGrow 0.066 0.394 0.029 1

TABLE 3: Correlation matrix for econometric analysis.
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