The role of an insurer’'s opaqueness on the reacticio

Income shocks

Frederiek Schoubben, Cynthia Van Hulle*

(preliminary draft, do not quote without permission)

January, 2016

Abstract

The insurance literature shows that there are nshayacteristics that influence the ability to
accurately evaluate the financial strength of anrier going from risk taking over capitalisation
to organisational form. This study is the firstihwestigate whether these determinants of
insurer opaqueness also influence the efficieneygh following an important income shock.
As an insurer can always rely on internal fundgradually rebuild equity following negative
income events, it is not a priori clear for outsgdiéke policy holders whether a particular shock
will influence future financial health. Especialllgje more opaque insurers are pressured to
restore performance more rapidly as they want tdathat income shocks are perceived as
signals of bad financial soundness causing loseepfitation and customer business. Our
empirical results based on stochastic frontierysision a set of European insurers support the
hypothesis that although an income shock alwaggers a positive efficiency change in the
following years, insurers that are characterisechase opaque will increase efficiency beyond

simply absorbing the income shock with the solvelmafjer.
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Introduction

In corporate finance, a number of studies docurtienbehavior of, and the triggers of change
in, non-financial firms that have met with an imjamt performance decline (e.g., John et al.,
1992; Kang and Shivdasani, 1997; Denis and Kru3@0R It has been shown in this literature
that companies can counter poor performance irriatyaof ways, from operational changes
over cost or revenue efficiency actions to govecearelated disciplining of management.
Furthermore, the capacity to engage in successiuhtound strategies proves to depend on the
disciplinary environment of the financial/productarkets or the internal governance
mechanisms. All studies show that these actiop@nearily aimed at cash conservation within
the firm and improvement of efficiency to enhangtife cash generation capacity.

For insurance companies, unlike non-financial firaront financing of vast amounts of fixed
assets and working capital are not an issue. Instisve an inverted production cycle, i.e. they
receive upfront payment from policy holders andyoafterwards have to pay out claims.
Furthermore, they need relatively little fixed dassend working capital (i.e. illiquid assets) to
operate but are obliged by law to invest the (faalue of future claims in mostly tradeable
securities (Dhaene et al., 2015). An important jaess therefore whether due to this inverted
cash cycle, insurance companies are truly triggeredact on income declines and are not just
waiting until the situation is restored. This vieacertainly in line with the business cycle view
on insurers where insures rely on internal fundgréalually rebuild equity (Weiss, 2007). This
would suggest that no immediate action is takeeratfian using the solvency buffer in order
to absorb the income shock. However, one imporeagon why (not all) insurers can’t fully
exploit the flexibility offered by business cyclasd would still feel pressured to actively react
upon a setback, is rooted in their relation withitikustomers (i.e., policy holders). Contrary to
a typical non-financial company, the customersrofresurer become the firm’s debt holders
through their future claims. As a result, an impottset back may harm the insurers’ reputation
and soundness, causing customers to walk away Epgermans and Harrington, 2006). This
problem is even intensified when an accurate evialuaf default probabilities is more difficult
due to risk taking, capitalization or organizatiof@m (Pottier and Sommer, 2006). More
opaque insurers will want to make sure that thenme shock is not perceived as a signal of
bad financial soundness which pressures them tmreeperformance more rapidly by

increasing efficiency.

This study analyses whether common determinantingirer opaqueness influence the

efficiency change following an important income shoneasured as a strong relative decline
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in return on assets. As insurance firms generallylieavily on retained earnings as their main
source of capital (Shim, 2010), profitability sheckill generate attention by the stakeholders
as well as the management of an insurance compgnysing stochastic frontier analysis on a
set of 1454 non life insurers in 19 European coesitover the period 2003-2013, we find that
insurers confronted with an important profitabilgiyock increase productivity with 3% to 5%
in the following years. A big portion of that inase however is represented by the temporary
reduction in solvency indicating the above menttagploitation of flexibility offered by the
insurers’ business model. When the decrease cddlvency buffer is taken into account, an
interesting picture emerges. Only the insurers Wit levels of our proxies for opaqueness
(e.g., reinsurance, income and product uncertaioiyg tail business,...) increase productivity
significantly compared to matched non shock firffisis strongly indicates that these more
opaque insurers are pressured to restore perfoemaoce rapidly by increasing efficiency
beyond the solvency change. Our results therefoogepthat the determinants of insurer
opaqueness strongly influence the reaction to eone shock.

Our study contributes to the literature in severays. First, to our knowledge there is no study
exploring the efficiency effects of performance ldexs in particular. Few studies address
efficiency changes following particular events I{BEO turnovers (He et al., 2011), merger and
acquisitions (Cummins and Xie, 2008) and demutatibn (Chen et al., 2011). Second, the use
of efficiency measures contributes to earlier sgsadhat use financial ratio’s, as efficiency
scores are able to capture firm performance imglsimeasure that controls for differences
among insurers in a multidimensional framework.r@hiwe contribute to the insurance
literature as well as the corporate finance liteaby studying whether the insight from studies
on restructuring still apply to a business modetkglefficiency increase is not primarily aimed
at the enhancement of future cash generation.\inal study is also relevant from a policy
perspective as the insurance industry plays a natalin the global economy both in reducing
uncertainties as in providing long term financialsources. In 2013, premiums written
worldwide amounted to approximately 4.6 trillion W8llars while investments in financial
assets represented about 37% of worldwide GDP &SRes 2014). European insurers even
surpass their US counterparts in terms of worldwlarket share with 35% over 30%
(Insurance Europe, 2014). Moreover, as the exisinogpean regulatory framework is in
transition towards the unified regulatory framewoflSolvency II, an enhanced understanding
of the link between profitability, solvency and guztivity could generate important policy

implication.



The article is organized as follows. First, we gareoverview of the insurance literature on
firm behaviour following important events as wedl studies on both efficiency measurement
and opaqueness in the insurance industry. We teealap the hypotheses concerning the
efficiency change in the years following an impattaacome shock. Next, we discuss the data,
variable definitions and the method employed tolym®athe insurers’ reactions to income
shocks depending on opaqueness. Finally we presergmpirical evidence and discuss the

results.

2Literature review
Insurer behaviour following performance decline

Several papers study specific aspects of behaviansorers following a strong change in
performance. In particular, the impact of downgsade market reaction and premium change
has been extensively studied in the insuranceatitee. Rating downgrades have been shown
to trigger declines in insurance premiums (Epersiaand Harrington, 2006) as well as
insurance demand (Baranoff and Sager, 2007). Similaating downgrades are usually
accompanied by a negative stock market reactiofeind Eckles, 2010). Wang and Carson
(2014) find that rating changes are positively elated with future rating changes but that this
effect is strongly influenced by the initial ratinghere insurers with higher initial ratings suffer

less from a downward spiral of consecutive downgsad

Besides rating changes, also the impact of incohoeks due to catastrophic events on
insurance companies has been studied. Althougbvéell effect of catastrophes depends on
the nature of the event, most studies show thatamge companies are usually resilient enough
to recuperate from severe catastrophe related iecshocks. Insurers tend to recoup
catastrophe losses through adjustments to premittowever, the recovery of individual
insurance companies strongly depends on the cotmopetiithin the relevant insurance market
(Hagendorff et al., 2015), the initial financiatestigth of the insurer (Cummins and Lewis,
2003) as well as the pre-loss leverage (Doher&y). e2003).

In the same vein, the insurance literature docusndrg existence of so called underwriting

cycles (e.g. Weis, 2007). Basically, this literatuakes the perspective that it is costly for
insurers to issue equity after a loss or negativestment shock due to asymmetric information
and other market imperfections. In turn, becausetefactions between financing and business

plans, this temporary lack of equity - that firsexs to be rebuild through internal funds - results
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in higher prices and/or less insurance supply.&lgh theories about underwriting cycles are
established at the industry level, there is ampipigcal evidence of its influence on insurers
at the firm level (e.g. Doherty and Posey, 1997m@8uns and Danzon, 1997; Doherty and
Phillips, 2002; Weiss, 2007; among others). In,faétiss (2007) claims that the policy holder’s
demand for safe insurance causes cross sectidfeakdices among insurers depending on the

perceived default probability.

Efficiency measurement in the insurance industry

Measuring the efficiency of the operations of asuer and the (governance) forces that cause
cross sectional differences in firm efficiency, laso received much research attention in the
insurance literature. Most studies (see Cummins\&eds, 2013 for an extensive literature
review) consider one (or all) of the following asf® geographical (i.e., country)
characteristics, regulatory differences, organizeti (governance) forms and lines of business.
Although the results tend to differ considerablypeleding on the sample period and the
methodology used, most studies find an impact ese¢hcharacteristics on efficiency scores.
Interestingly, considering the vast amount of redeaon cross sectional differences in
efficiency scores, very few studies address efficyechanges following particular events like
CEO turnovers (He et al., 2011), merger and adipns (Cummins and Xie, 2008) and
demutualization (Chen et al., 2011). Moreover, to knowledge there is no study exploring

the efficiency effects of performance declinesantigular.

Cross country studies on European insurance indystenn et al. 2008) generally find
increasing productivity over the last decades dueldregulation and consolidation in the
financial services markets in general. Eling andhen (2010) provide an efficiency
comparison of insurers from 36 countries and repasteady efficiency growth in international
insurance markets from 2002 to 2006. Bertoni andc€r(2011) investigate the drivers of
productivity in the life insurance industries ofdiEuropean countries (Germany, France, Italy,
Spain, and the United Kingdom). They find increagemtluctivity is mostly due to innovation

in best practices, which is attributable to tecbgadal change.

Efficiency changes following particular events has benefited from much research attention.
The studies that do measure firm performance usfiiigjency changes generally test whether
the event triggered a particular difference inoddincy measures between the pre and post event
period, and whether firm characteristics affectesl thange. He et al. (2011) for example show



on a set of US non-life insurers that CEO turnoyespecially the non-routine ones) triggered
a performance increase in the years following thene They conclude that when there is a
forced replacement of a poor managers with a bettey overall efficiency improves. Chen et
al. (2011) show that also a change in organizatimnan might influence efficiency. They show

that U.S. property-liability insurers improve thefficiency performance when converting from

mutual to stock ownership.

Insurer opaqueness

Opaqueness is inherent to the financial servicelisiny. For outside stakeholders like
customers or regulators, opacity results from mi@iion uncertainty that can arise from
incomplete disclosure, disclosure quality or simgite disclosure complexity. Information
about the underlying profitability and risks of them or the ability of managers to rapidly
transform assets can therefore be difficult to ssdeasley et al. (2002) and Easley and O’'Hara
(2004) show that information risk affects assetnmet and the cost of capital. Asset composition
is widely acknowledged in the banking literature aas important determinant of opacity.
Morgan (2002) shows that banks are relatively nop@que than non-banks. Examining dual-
rated debt issued by banks and non-banks overett@dpl983-1993, he finds that bank debt
is more likely to be split rated than non-bank débdre importantly, loans and trading assets,
which increase the likelihood that newly issued koaebt will be split rated, represent

significant sources of opacity for banks.

Within the financial services industry, insurers aonsidered even more opaque than banks.
The reason for this is that in contrast to banksuiers encounter information asymmetry in
both assets and liabilities. Morgan (2002) shows tiiere is more disagreements among rating
agencies concerning the financial health of insupempared to banks. This opacity among
insurers is not surprising. The insurer underwritesirance policies whose actuarial loss
estimation is both uncertain and unknown to outsid®loreover, a big part of an insurers’
liabilities comprises of a loss reserve which ggediction of future claim payments. Disclosing
details on the methodology used to value futurkesrisowever might be detrimental for the
firm’s competitive position. Therefore, a levelagacity can never be discarded when it comes
to insurers. The permitted, even desirable, infélonaasymmetry between insiders and
outsiders provides manages with considerable disarabout the risk valuation methods and
corresponding technical reserves (Petroni, 1992pbBl and Merrill (2005) argue that the
inherent complexity and opaqueness of insuranceaas even provides insurance managers

6



with opportunities to manage the disclosed valuéos$ reserves and surplus. This enables

insurance managers to take advantage of theiinéssned customers.

Besides the stochastic nature of the liabiliti¢s) ¢he asset side of tha balance sheet might be
a source of insurer opacity. A large portion ofsthassets is relatively liquid due to the need to
quickly convert assets to cash in order to medtless demands. Myers and Rajan (1998) claim
that while liquid assets should be highly transpgréhe ability to convert such assets to
completely different positions quickly and effictgnbrings about another source of potential
opacity for insurers. Zhang et al. (2009) find thresturers underwriting more opaque lines of

business are subject to higher adverse selectsis.co

In the insurance literature, opaqueness is usuadigsured by looking at rating disagreement
among agencies. Several papers try to determinsdhece of opaqueness by analysing the
impact of insurer characteristics on such disageggnamong rating agencies. Pottier and
Sommer (2006) for example find for a cross sectbmroperty and casualty insurers that
financial health rating disagreement, and thus opagss, depends on insurer characteristics
like size, organisational form, reinsurance usegewraphical diversification. Adamson et al.
(2014) extend the work of Pottier and Sommer (2@36)sing panel data of both life and non
life insurance companies and use disagreementnd batings as a measure of opaqueness.
They find higher levels of opaqueness among munglrers. Finally, Zang et al. (2009)
explore the effects of asset and liability opadiym the perspective of the secondary stock
market using bid-ask spreads, controlling for ficiahfactors, the activity of informed traders,
and other trading characteristics. Their resuldécaite that insurers underwriting more opaque
lines of business are subject to higher advergeseah costs. On the other hand more analyst

coverage seems to reduce information asymmetrytharckfore, insurer opaqueness.

Hypothesis development

A sizeable literature shows that the pressure frdiffierent stakeholders/governance
mechanisms shape choices made by insurers (sealBquwD11 and 2013, for an overview of
the literature). Important stakeholders in the esnhtof the insurance industry include
policyholders, insurance agents, regulators andgatgencies, reinsurers and outside board
members (Cole et al., 2011). Recent literature ,(€loeng et al., 2015; Eling and Marek, 2014)

shows that these stakeholders play a distinctive mo controlling agency conflicts and



monitoring solvency risk depending on the orgamiretl structure (e.g., mutual versus stock
insurance companies), ownership structure (e.gtitimional ownership, insider ownership)
and governance characteristics (e.g., board commpasiexecutive compensation, CEO

duality).

When looking at an income shock in a certain yernot a priori clear whether and why this
would influence firm performance in the form ofieiéncy changes in the following years. As
already mentioned in the introduction, insurersaie to use their inverted business cycle in
order to restore performance gradually withouteasing actual productivity. The relationship
between an insurer and its policy holders mighobeital importance in understanding firm
behavior following shock events. Policy holders eaan be seen as a source of discipline (e.g.,
Epermanis and Harrington, 2006; Baranof and S2§€7). Epermanis and Harrington (2006)
show that in a context of downgrades, that insurmd to lower premiums in order to avoid
losing insurer business. Baranoff and Sager (260&) find evidence for a decline in insurance
demand in the years following a downgrade. The astlelaim that this market discipline
through consumer pressure should be considerad additional protection against insolvency
besides the external regulatory/rating and integoakrnance mechanisms. A similar flight to
quality risk is also observed in the context ofasaophe events (Hagendorff et al., 2015).
Policyholders are sensitive to the insolvency agkheir insurance company, especially when
the policyholders are insufficiently protected b tasset portfolio or by a guarantee fund (De
Haan and Kakes, 2010). The income drop might tbezefigger a flight to quality similar to
the behavior documented in the literature on caipke events or downgrades. Based on these

arguments we propose the following hypothesis

H1 In order to reduce the threat of losing customebusiness, insurers react to an income

shock by increasing efficiency.

The actual threat of losing business will strordgpend on the demand elasticity of customers.
It is paramount for good insurers not to be cordusih poor performers. Papers studying the
recovery after catastrophes or downgrades alrehdyexd that the initial financial strength
plays an important role in the ability of the insuto recuperate. However, these papers never
guestion the fact that the financial strength i$ equally assessable among insurers. The
opaqueness literature shows that there might leeigtdisagreement among rating agencies

depending on several characteristics (Pottier amdrger, 2006). It would even be harder for



customers to evaluate the impact of an income skmakerall future financial health. This
would pressure the most opaque insurers to react rapidly to avoid additional scrutiny by
outsiders in general and costumers in particulaer@fore, opaqueness will limit the flexibility
of insurers to use their business cycle in ordegrémually restore performance. This leads to

our second hypothesis.

H2 The impact of an income shock on efficiency wilbe more pronounced in more

opaque insurers

Data, Sample and methodology

Data and sample selection

We use Bureau van Dijk’s ISIS database to obtagowaating information for initially 1893
European non-life insurers from 2003 to 2013. As th a cross country data base we also
require a minimum of 10 firm year observationsqmintry to be able to control for the country
fixed effects in the multivariate models. This Isad a final set of maximum 1454 insurers
corresponding to 11489 firm year observations. H@redue to the extensive use of lagged
values both in the SFA methodology as in the measant of certain variables, the effective
sample in the reported univariate and multivaniageilts is always somewhat smaller. Insurers
are not required to have data for all years butesefficiency changes over at least 3 up to 5
consecutive years are estimated, several insunatdail this minimum requirement are not
included in the respective estimation models. Adddlly, as in Eling and Luhnen (2010), we
only include insurers with positive values for itpuas well as outputs in order to get
meaningfull efficiency scores. Table 1 providesoaerview of the maximum number of firm
year observations over the countries (Panel A)yaads (Panel B) in our sample. Notice that

our sample comprises of eastern as well as weBt@gaopean countries.

Opaqueness measures

The insurance literature puts forward several fatmaracteristics that can be associated with
opaqueness. We will use these measures to studghevhime difficulty to assess financial

strength forces them to react more strongly tonmeshocks.



A first measure of opaqueness is the intensity witich reinsurance is used by the insurer.
Insurers that rely heavily on reinsurance will berenopaque as their financial soundness no
longer depends solely on their own characteristitslso the financial strength of the reinsurer
firm. Analogue to Sommer and Pottier (2006), we snea reinsurance usage as the difference
between gross claims and net claims divided by pnex® written. Insurers with an above

median level of this ratio get the value 1 on thagqueness dummy.

Another important source of opaqueness is the taiogy surrounding the insurer’s operations.

Although an insurer is in the business of riskyehare still concerns about the way this risk is
hedged. In other words, if the risk is correctiyndied there should be less uncertainty. An
insurer with very high variability of income is abusly harder to evaluate compared to an
insurer with a steady income stream. In line wiihdgzand Marek (2013), we define two distinct

opaqueness measures depending on the sourcewfdékainty. On the one hand we estimate
the standard deviation of return on assets in dalereasure the level of income uncertainty.
On the other hand we use the volatility of the leds to measure the product uncertainty an
insurer is faced with. Both measures are transfdrm@ two separate opaqueness dummies
based on the median value. The group with aboveamedeasures of uncertainty is considered

more opaque.

Another important source of insurer opaquenestharines of business an insurer underwrites.
The longer the duration of the policies writtee.(ilong tail lines), the harder it is to assess th

impact on the insurer. Moreover, long tail linesddo be more risky because their ultimate
profitability will only be revealed long after treontract is written. Results on these lines are
therefore strongly depended on the initial expémtatabout the claims and future investment
returns. In line with (ref) we use the ratio oftiacal provisions over net claims as a measure
of exposure to long tail business lines. Insurerthe top quartile of this ratio are considered

more opaque compared with the more short tail lingsrers.

A lot of research on insurance companies has bexaried to the impact of organizational form

on corporate behaviour. As insurers are eitherrorgd as mutual companies, where the
policyholder is also owner as well as customer famahcier, or stock companies with regular

shareholders, there are important differencessaolasure and disciplining. In particular stock

insurers are forced to reveal more information eoning their operations compared to mutual
companies. This would make the latter more opaguihere is less information available to

assess the financial strength of these companiesn(€t al., 2011). We therefore use the fact
whether an insurer is organized as a mutual oas@in additional opaqueness dummy.
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Also size can be an important indicator for asymnmmanformation and therefore insurer
opaqueness (Pottier and Sommer, 2006). Smallerarssare less publically exposed and attract
less interest from regulators and rating agendiberefore, they are likely to disclose less
information about their risks and activities congghto large insurance companies. We assume

that the insurers in the bottom quatrtile of totdets can be considered most opaque.

The relationship between opaqueness and stockdiftilows a similar argument as the size
argument above. However as only a small portiothefinsurers is actually publically traded,
this will be a marginal group in our dataset. Néveless, we indicate listed insurers as being

the least opaque due to the information demantiseotapital market.

A final measure of opaqueness in the insurancesinglus the capitalisation of individual
insurers. Weakly capitalized insurers face incenfiwvoblems especially when approaching
regulatory thresholds (Petroni, 1992). As the ovenelaim on the insurer can be seen as an
European call option on the assets with strikeepeiqual to the value of the liabilities, there
may be an incentive to engage in risk seeking asidshifting as the solvency situation
worsens. It is however very difficult for outside@cspredict how managers will react to such
incentives, and difficult to determine the likeluytoome of the decisions managers make in
such circumstances. This increases the level ofnmdtion asymmetry and thus opaqueness for
insurers at low solvency measures. As De Haan ak@$(2010) show that insurers only react
as solvency levels approach the regulatory minimuetake into account the minimum capital
requirements. Insurers with solvency less than Bvea the MCR (see appendix for the

measurement) are considered most opaque.

Measur es of income shocks

In order to measure a an income shock, we turhaadstructuring literature (e.g., Denis and
Kruse, 2000). Our objective is to select thosenasuthat, although financially sound, suffer a
year of poor performance. To achieve this goalivet $elect each year, from the population of
European insurers, those insurance companiesadhatdither a top quartile or an above median
profitability level for that year depending on theecification. Using this base group of good
performers in a particular year we can select misuwith an operating performance decline in
the following year. A performance decline will befihed as having a profitability level (i.e.,
return on assets) in the bottom quartile of alimsce companies in the year following the base

year. This one-year performance drop either frgoogartile to bottom quartile (i.e., Q1 — Q4)
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or from above median to bottom quartile (i.e., @;QQ4) avoids the bias from including
companies that suffer from an extended period stiesed poor performance. Denis and Kruse
(2000) advocate the use of accounting measuresedbrmance over stock price based
measures on the grounds that stock prices maydglrieaorporate the relationship between
governance mechanisms and the likelihood of firapo@ses. In a similar vein, we also do not
look at rating downgrades because they do notfgigm unexpected one year performance
decline as they are the result of a thorough ass®#sof financial strength and usually follow
several years of poor profitability. Additionallgimilar to stock market prices, financial health
ratings should be forward looking and incorporatenagers ability to restore efficiency.
Finally, as the literature on opaqueness showdittatcial health ratings become less accurate
as opaqueness increases (Pottier and Sommer, 26@&), ratings would be inappropriate in

our conceptual framework build around opaquenssff.it

Insurers that suffer from an income shock (eith&r@ or Q1,Q2-Q4) are then followed in the
years after the shock in order to see whetherieffoy improves relative to non shock firms.
This poses an important question concerning thecgeh of the control group. Obviously, an
insurer that has encountered an income shock éntaic year cannot be part of the non shock
control group either before or after the event.réf@e the control group consists of all insurers
that never had an income shock during the sampledo& his could however still leave some
concern about potential endogeneity between theiexity change and some characteristics
that led to the income shock in the first placeerBfore, we additionally match each insurer
that encountered an income shock during the sapgsled with an insurer with no shock but
a shock prediction (i.e., propensity score) closeshe former firm. This propensity score
matching (see appendix) was based on a logit melete the likelihood of an income shock
is measured using the control variables that aed usthe performance model. A downturn of
this method however is that a lot of data is [d&iat is why we use the matched sample as well
as the full sample* (corrected for non shock fireags of insurers that did encounter shock in

other years) in our regression models late on.

Sochastic frontier analysis (SFA)

The objective of our study is to model and meagaohnical efficiency in the European
insurance sector using stochastic frontier anal{SISA) analogue to Fenn et al. (2008).

Changes in this efficiency scores following incosteocks depending on the opaqueness
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measures will then be explored . An important atkge of SFA in the estimation of production
frontiers lies in its potential to discriminate Wween measurement error (“two-sided” error)
and systematic inefficiencies (“one-sided” erran) the estimation process. However, the
means by which this is achieved is inevitably s@resito distributional assumptions, both in
relation to the frontief itself and the stochastic nature of the error ser®ur SFA analysis
follows a two stage estimation (Greene, 2008). \Ivet have to estimate an appropriate
production function with insurer specific input awditput measures as discussed below.
Second, we separate the estimated regression(eerotthe difference between the observed
output given inputs and the theoretical optimunt) entwo-sided random error component and
a one-sided inefficiency component. This producesficiency score for every insurer in the
sample in a particular year relative to a “besgbice” frontier, which is determined by the
most efficient companies in the sample during {featr. The efficiency score is standardised
between 0 and 1, with the most (least) efficiemhfreceiving the value of 1 (0). SFA allows
us to separate between insurers that operateeoéftitient frontier due to random error (“*bad
luck”) or inefficiency.

Output measures: As insurers produce in essence a guarantee t@qtaytial future claims
when a loss event occurs, there is no consendhe iliterature on an insurers output measure
(see Cummins and Weis, 2010 for an elaborate digmjs Measures that have been used to
capture the present value of future (unknown) ctanange from the premium charged to
policyholders over the total claims that were altyuacurred during a certain year. While the
former is an ex ante estimate of future claims mgulki vulnerable to managerial discretion an
competitive pressure, the latter is an ex post orealsased on the assumption that current
claims are a good proxy for future claims. As aerimediate solution, some studies augment
the current claims with changes in the loss resetoereflect changes in expectation about
future claims. All measures have both advantagessauvantage and since our study focusses
on the results of managerial actions, we chooseicugross claims incurred in a certain year
as it is the output measure that is least affdayesystematic changes in market power (affecting

premiums) or market cycles (affecting loss reserves

Input measures: In contrast to the debate on the appropriate utstfhat should be used in

efficiency studies, there is less discussion onu$e of inputs. However, many differences

2 We estimate the technical efficiency scores ustagdard methods in STATA to obtain parameter edém
for the production frontiers
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among studies remain due to either data availglmlitmethodological specifications. In line
with studies like Fenn et al. (2008) and Eling &nthnen (2010), we use proxies of equity,
liabilities and operation expenses as inputs instachastic frontier analysis (SFA). Equity
capital is measured as the surplus at the begirufitige year. In order to proxy for the liability
input we use the gross technical reserves. Firgdgrating expenses are used to capture the

labor input at the beginning of the year.

Regression models of efficiency change

Based on our first hypothesis we expect a pos#ige on the income shock indicator variable
implying that insurers with an income shock in @tae year experience a more favourable
change in performance during the measurement wirttaw firms without such a shock. Our
control variables are in line with previous litens are common determinants of insurance
companies’ performance and are all measured at tithe In summary, the multivariate

regression model is specified as follows:

Efficiency change (EC) = f(SOLV, SIZE, GPWTA, RISKUTUAL,
SHOCK, COUNTRY DUMMIES, YEAR DUMMIES)
Where,
SOLV = solvency ratio in the year preceding theome shock
SIZE = natural logarithm of total assets
GPWTA = gross premiums written over total assets
RISK = standard deviation of profitability over 8ars preceding the income shock
MUTUAL = whether the insurer is organized as a ral(fl) or stock (0) company

SHOCK = 1 ifthe insurer experienced a drop inmretn assets from either top quartile or

above median to the bottom quartile

Descriptive statistics
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Panel A of table 1 provides an overview of the maad median efficiency scores as well as
the proportion of income shocks for the countriesour sample. Efficiency scores vary

considerably across countries similar to the resultEling and Luhnen (2010). However, as
we are only interested in relative efficiency chemgithin insurer companies over time, the
cross country analysis falls outside the scopéisfdtudy. Panel B shows an overall increase
in efficiency scores over our sample period whighni line with the findings of Fenn et al.

(2008) who already observed a gradual efficiencygase in the European insurance industry.

Also the income shocks follow a certain trend whité highest proportion of shocks, not entirely
unexpected in the year 2008 at the start of trenfiral crisis. Obviously as the chock is defined
as an return on assets in the bottom quartile vithiras in the top quartile the year before, there
are no shock observations in the first year ofsample period. Overall, 1.52% of firm year

observations could be described as an importantmeadrop while 4,23% of observations had

roa in the bottom quartile while it was still abawedian the year before.

Table 2 provides descriptive statistics of the ptregiables used in our study. Descriptives for
the SFA variables as well as control variablessam@lar to other studies on European data
(e.g., Fenn et al., 2008; Eling and Luhnen, 20T0g opaqueness measures are all dummy
variables that separate firms with high opaquenkasacteristics (dummy value = 1) from low
opaqueness. Notice that the opaqueness dummiesaoloasvays split the sample in two equal
parts as for example only 12% of firm year obseovetis related to a mutual insurer and 97%
of insurers are not publically listed. Also the etloppaqueness measures never lead to eaqual
groups as we either use quartiles (long tail andllsmsurer) or we apply the median value for
the sample of insurers with an income shock onhis Teads the observation that firms with
income shocks over the sample period where somemwbed risky as more than half of the
observations of non shock firms remains below igleaut-off. Finally, roughly 15% of insurer
observations are years where the minimum capitalirement was approached or surpassed.

Empirical evidence
Univariate results

Table 3 panel A reports the statistics of efficienhange (EC) around income shocks. We use
three different windows to estimate the efficiertyange relative to the year of the shock t

where the efficiency score one year before thenmedrop is subtracted from the efficiency
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score of respectively one, two and three years tfeeshock: (E€ 1-1-1), (ECr+2-1-1), (ECr+3-71-

1). Also for the control firms that experienced moglduring the sample period (either matched
or not), similar efficiency score change are meadurable 3 reveals that both shock and no
shock insurers have experienced efficiency imprav@non average over the sample period.
However, firms that experienced an income shocle tsgnificantly higher efficiency scores
in the following years compared with all firms ore@ matched firms that did not suffer a
similar income shock. This is consistent with oustfhypothesis that insurers try to restore
performance quickly in order to avoid being scraal by policyholders, regulators and rating
agencies. Panel A also shows that a more pronoyerarmance decline (i.e., Q1-Q4) leads
to an even bigger efficiency change. Although tliifeience between the 2 shocks (not
reported) is not significant. Interestingly thei@fncy change becomes smaller as the time
window increases. After 3 years there isn’'t evesignificant difference between firms

experiencing a moderate shock (i.e., Q1,Q2-Q4)theid matched non shock counterparts.

Turning to Panel B of Table 3, we further split #féciency change of shock insurers based
on our measures of opaqueness. In line with owrgkbypothesis, the insurers who's financial
health would be harder to assess seem to react stamegly on an income shock. The
difference is most pronounced for the risk measumss of business and reinsurance. Other
opaqueness characteristics do not significantlgr dhe efficiency change at least not on a
univariate basis. Several interesting results inl§ & are worth mentioning. First, in contrast
to the split sample of low opaqueness (as welhasfull sample in Panel A), the efficiency
change in the high opagueness subsample is nogsaleducing as the study window increases.
In the low opaqueness subsample the efficiencyeas® is practically gone 3 years after the
income shock. This could indicate that the lattisurers only manage to increase efficiency on
a temporary basis while the high opaque insurensag@to enforce a permanent efficiency
increase. Second, the opaqueness measures basedasganizational form (e.g., mutual and
listing) generate somewhat counterintuitive resulisted insurers, and to a lesser extend also
stock insurers, have stronger efficiency changkswiong the income shock although they are
deemed less opaque. For the mutual insurers thig @@ the result of the actual disciplining
of managers by shareholders in stock companiegisuigy for the self regulation caused by
flight to quality risk in mutual companies. Fortéd insurers, this could similarly signify that
listed firms are arguably more transparent tharsted insurers but they are also more exposed
to actual market discipline. However, we have tacaeeful with the preliminary conclusions

as results are based on non significant univasséagéistics probably caused by the small
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subsamples of listed (3%) and mutual insurers (12%bjinal result from Table 3 that is

counterintuitive is the low capitalisation charaisec. Here the efficiency change is
significantly larger for high capitalized firms. gotential explanation for this might lay in the
fact that capitalisation of the insurer servesramput variable in the efficiency scores. Simply

reducing the surplus (keeping the output constaat)ld increase our efficiency score.

In order to assess whether insurers at least paglt on an income shock by absorbing it with
the buffer we, define a change in solvency (SC)sueal over one, two and three years
following an income shock. Table 4 reports the ariate statistics of the solvency change for
the same shock and opaqueness subsamples asa3TBlanel A of Table 4 provides evidence
that the efficiency increase following an incomedhis at least partly driven by the reduction
in the solvency ratio over the same windows. Aseetgd, insurers will use the flexibility
offered by business cycles and only gradually dékhe solvency reduction that was needed to
absorb the income shock. This means however tleabbtihe inputs in the production function
would be temporary reduced which could be corrdlatgh increases in efficiency scores.
However, when turning to Panel B of Table 4, arenesting result emerges. While the
efficiency increase was shown to be significantighker for many of the opaqueness
dimensions, solvency changes seem significantiyllemf@r these latter groups of insurers.
This provides some preliminary evidence for ouloseichypothesis that more opaque insurers
will increase efficiency beyond this solvency chalnin order to avoid losing insurance
business. Table 4 also sheds more light on theteontuitive result concerning low capitalised
insurers. The significantly higher efficiency chang high capitalised firms seems mainly due
to a significantly stronger solvency decline ing@ensurers following an income shock. For
obvious reasons, insurers that are already appragachinimal capital requirements cannot
afford to let solvency buffers dwindle even furthBerformance restoration in this case would

have to come from active efficiency improvement.

Due to the observed relationship between efficietitange and solvency changes described

above, we will control for this effect later ontlme multivariate models.

Multivariate Results

Influence of income shocks on efficiency changes
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In order to control for insurance characteristiat talso influence the efficiency change, we
conduct regressions on the impact of an incomekshbable 5 reports the results for both
shocks considered (Q1-Q4 and Q1,Q2-Q4) respeygtinglane A and B. In line with the first

hypotheses, and the univariate results from Tabl@n3ncome shock triggers an efficiency
change in the following years. The shock is howewet always significant and seems
somewhat smaller when we estimate the regressiotiseomatched sample of shock and non
shock insurers with similar characteristics. Théeaf of the income shock seems most
significant for the window where the efficiency sedwo years after the shock is compared
with the year preceding the shock (i.e.,7EG-1). After that the effect seems to disappear
especially for the matched sample regression. Sinl the univariate results, the impact on
efficiency changes is somewhat more pronounceth®omore severe definition of the income

shock.

Looking at the control variables in both panels id & of Table 5, two interesting results

emerge. First, there is a strong significant immddhe pre shock solvency on the efficiency
changes in the post shock years. This again piinatshe recovery strategy strongly depends
on the financial soundness in the years leadingpupe income shock. Insurers with larger
capital buffers will be able to absorb the incorheck more easily and temporary reduce the
surplus and use the business cycle to build upeberves using retained future earnings. As
explained above, a reduced solvency could cetaribys restore the efficiency levels since the
surplus is one of the inputs used. Second, alsaitkevariable shows an interesting result.
While it significantly increases the efficiency clges in the full sample models, it is no longer
significance in the matched sample models. Thisgsdhat it is important to control for risk

differences among insurers to avoid potential erdedy problems.

Due to the potential influence of solvency changeghe resulting efficiency change following
an income shock, we re-estimate the basic modah agglacing the level of solvency with the
solvency change (SC) over the corresponding windsed for the efficiency change. Results
are reported in Table 6 for matched samples onlyine with our expectations based on the
business cycle literature, solvency changes playmgortant role in the efficiency change
following the shock as the SC coefficient is sigrahtly negative for all models in Table 6.
Strong decreases in surplus, holding the othertgn@id outputs constant, would be beneficial
for efficiency increases. This proves that to saxient, all insurers profit from the flexibility
inherent in their business model. As long as pabfiity restores in the following years, insurers
can slowly rebuilt their capital structure (Wei2807). Therefore in line with our univariate
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results, the efficiency increase following an in@w®hock can be partly explained by the
resulting drop in solvency. As a result, the cagdint for the income shock itself no longer
seems significant once the solvency change is tatemccount. However, not all insurers will

be able to fully exploit this solvency channel hesmof the risk of losing business. In order to
test our second hypothesis, we split up the caefficof income shock depending on the

opaqueness dimensions described above.
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Influence of opaqueness on efficiency changes

In order to test our second hypothesis, we estithateegression models of Table 6 introducing
the opaqueness measures (OQ). Table 7 and tabpo8a the regressions on the impact of our
two income shock measures respectively over theyeaowindow (EG-2-1.1). Each model has

a different opagueness dummy (OQ) that separageshick dummy based on the opaqueness
subsamples. Interestingly, while the effect of tmaqueness dummy itself on efficiency
changes is not always the same across regressidelsnas interaction with the shock dummy
is consistently positive. This means that our tssattrongly support the hypothesis that insurers
that are characterised as more opaque, show stroegetions to income shocks. For the
subsamples where opaqueness is expected to be (@), the income shock did not trigger
significant efficiency change beyond the changsoinency (SC). This proves that insurers that
are deemed more opaque will have to restructure moickly as they lack the flexibility of
letting the profitability gradually restore the @apbuffers. This can also explain why we found
a stronger increase in efficiency for these lattens but a relatively smaller decrease in
solvency. Profitability would therefore have to inereased to avoid enhanced scrutiny by
policy holders and potential loss of business. Nibtat even the result based on the
capitalisation measure of opaqueness is no longenter intuitive. Once controlled for the
opportunities of solvency change, low capitalisaunfs seem to react more strongly on a shock
in profitability compared to insurers with solven@tios well above the minimum required
levels. In sum, Tables 7 and 8 provide strong exidethat opaqueness pressures insurers to
restore performance more rapidly in order to avbat income shocks are perceived as signals

of bad financial soundness causing loss of repurtatnd customer business.

As a final test of insurance opacity, Table 9 régpogsults from the regressions where the shock
dummy is split up depending on the organizatioharacteristics. As explained above, mutual
insurers as well as unlisted insurers are expettielde harder to evaluate due to limited
disclosure rules compared to either stock compamigsneral or listed companies in particular.
However, as a very limited number of the insurafirces are listed, the subsample of listed
insurers that experience an income shock maybaoismall to generate meaningful results.
Nevertheless, both the unlisted and mutual inswsleosv an increased reaction to an income
shock which is in line with our opagueness hypadthealthough the difference is only

significant for mutual insurers.
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Conclusion

This article examines the reaction of non life e companies to an income shock on a
sample of European insurers over the period 2003-20/e contribute to both the corporate
finance as well as insurance literature by (fist)viding evidence on how the difference in
business model between insurers and non finanompanies shapes the restructuring process
and (second) evaluate the role of opaqueness wighical for financial services companies

in general and the insurance industry in particular

As for insurance companies, unlike non-financiahf, upfront financing of vast amounts of
fixed assets and working capital are not an issietd the inverse cash cycle, restructuring
following loss events is not aimed at cash congemwaand improvement of efficiency to
enhance future cash generation capacity. Howewsrgbes not mean that insurers are immune
to income shocks. Although the solvency buffer ydktly absorb the income shock (not all)
insurers can't fully exploit the flexibility offece by business cycles and would still feel
pressured to actively react upon a setback. Thisesto the so called flight to quality risk due
to the fact that policy holders are unable to falbgess the impact of a particular shock to future
financial soundness of the insurance company. We shat for this reason insurers experience

an increase in efficiency scores in the years Walg the income shock.

We find however, that a big portion of the effiaigrincrease is represented by the temporary
reduction in solvency indicating the above menttagploitation of flexibility offered by the
insurers’ business model. When the decrease cddlvency buffer is taken into account, an
interesting picture emerges. Only the insurers Wit levels of our proxies for opaqueness
(e.g., reinsurance, income and product uncertalioiyg tail business,...) increase productivity
significantly compared to matched non shock firffisis strongly indicates that these more
opaque insurers are pressured to restore perfoemaoce rapidly by increasing efficiency
beyond the solvency change. Our results therefoogepthat the determinants of insurer

opaqueness strongly influence the reaction to eonie shock.

While our results provide compelling evidence ore ttole of insurer opaqueness on
restructuring in the insurance industry, theraufficgent room for improvement or avenues for
future research. First, our research methodologiddoe elaborated to include other efficiency
statistics (e.g., data envelopment analysis) andamme shock definitions. Additionally, we

could assess whether the financial health ratihgmselves influence our story. Finally, an
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interesting avenue for further research would ke dbcomposition of resulting efficiency

Scores.
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Table 1

Countrylyearly differences in efficiency scores ammbme shocks

Panel A SFA efficiency scores Income shocks
Countries Firm years mean median Q1-Q4 Q1,2-Q4
Austria 137 0.6451 0.6700 0.73% 2.19%
Belgium 339 0.5822 0.6411 0.59% 3.83%
Bulgaria 131 0.5387 0.6160 2.29% 3.05%
Czech Rep. 174 0.4796 0.4989 2.30% 3.45%
Denmark 314 0.6242 0.6622 1.59% 5.41%
France 1117 0.6455 0.6814 0.54% 2.24%
Germany 2444 0.5817 0.6118 1.60% 3.89%
Ireland 340 0.5694 0.6248 2.94% 7.65%
Italy 646 0.5825 0.6444 0.93% 2.48%
Luxembourg 273 0.6245 0.6589 1.47% 2.56%
Netherlands 510 0.6710 0.6828 2.35% 6.47%
Norway 122 0.5633 0.6327 2.46% 4.10%
Poland 131 0.6972 0.7159 0.00% 3.05%
Russia 452 0.6334 0.6963 0.89% 3.54%
Spain 853 0.6724 0.7134 0.82% 1.99%
Sweden 293 0.5806 0.6147 4.44% 11.60%
Switzerland 953 0.6247 0.6678 0.52% 2.83%
Turkey 186 0.6620 0.7049 1.08% 5.38%
UK 2074 0.5854 0.6326 2.36% 6.17%
Full Sample 11489 0.6079 0.6450 1.52% 4.23%
Panel B SFA efficiency scores Income shocks
Years Firms mean median Q1-Q4 Q1,2-Q4
2003 596 / / / /
2004 685 / / 1.46% 3.07%
2005 721 0.6051 0.6341 1.39% 4.99%
2006 834 0.5906 0.6288 1.08% 4.08%
2007 913 0.6005 0.6397 0.88% 2.96%
2008 1137 0.5917 0.6238 3.17% 7.30%
2009 1208 0.6093 0.6416 1.66% 4.88%
2010 1279 0.6105 0.6478 1.02% 2.81%
2011 1402 0.6092 0.6479 2.50% 6.35%
2012 1454 0.6161 0.6512 1.38% 4.13%
2013 1260 0.6273 0.6622 1.11% 3.25%
Full Sample 11489 0.6079 0.6450 1.52% 4.23%
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Table 2

Summary statistics of variables used

mean median Stdev min max
Inputs & outputs (Millions)
Gross claims 294 46 987 0 24678
Gross technical reserves 779 96 3097 0 65023
Equity capital 391 45 2405 0 87948
Underwriting expenses 553 68 2434 0 89702
Independent variables
SOLV 0.38 0.34 0.22 0.00 1.00
SIZE 11.99 11.95 2.05 5.20 21.65
GPWTA 0.60 0.50 0.50 0.00 2.23
RISK 1.13 1.16 0.90 -7.71 4.52
Opaqueness Measures
Reinsurance 0.55 1.00 0.50 0 1
Income uncertainty 0.33 0.00 0.50 0 1
Business uncertainty 0.31 0.00 0.47 0 1
Long tail business 0.24 0.00 0.46 0 1
Small insurer 0.32 0.00 0.47 0 1
Low capitalization 0.145 0 0.35 0 1
Mutual 0.12 0.00 0.32 0 1
Unlisted insurer 0.97 1 0.17 0 1
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Table 3

Univariate statistics on efficiency change follogimcome shocks

Shock: Shock: No shock
Panel A Full sample 01-04 01,02-04 No shock (matched)
Efficiency change Mear?  0.0103 0.0358**  0.0317*** 0.0094 0.0067
(ECre119) Media®  0.0066 0.0300%**  0.0154*** 0.0065 0.0064
Efficiency change Mean  0.0118 0.0455***  0.0287** 0.0100 0.0071
(ECrsz.11) Median  0.0056 0.0234%+  0.0164*** 0.0043 0.0028
Efficiency change Mean 0.0160 0.0352* 0.0197 0.0141 0.0133
(ECrsat.1) Median  0.0094 0.0235** 0.0110 0.0086 0.0074
Panel B High Opaquenéss Low Opaqueness
ECr+1-11 EGCr+2-11 ECr+3-11 ECr+1-11 EGCr+2-11 ECr+a11
Shock: Q1-Q4
Reinsurance g 0432+ 0.0532 0.0464* 0.0170 0.0273 0.0064
Income uncertainty g 0450**  0.0591** 0.0425* 0.0081 0.0038 0.0183
Business uncertainty 00481*  0.0719**  0.0481** 0.0207 0.0154 0.0188
Long tail business g 0549*  0.0952** 0.0805**  0.0271 0.0229 0.0158
Small insurer g o566+ 0.0577* 0.0400* 0.0233 0.0380 0.0315
Mutual  0.0343 0.0450 0.0213 0.0363 0.0456 0.0387
Listing  0.0326 0.0435 0.0322 0.1087 0.0935 0.0812
Low capitalization 9 0030*  0.0090** 0.0258 0.0434 0.0543 0.0373
Shock: Q1,Q2-Q4
Reinsurance g 0328+ 0.0283 0.0315** 0.0292 0.0296 -0.0058
Income uncertainty g 0371* 0.0439* 0.0321** 0.0226 0.0035 0.0018
Business uncertainty g 0530**  0.0585** 0.0352**  0.0143 0.0067 0.0093
Long tail business g 0539**  0.0469**  0.0963**  0.0240 0.0230 -0.0010
Small insurer g 0424 0.0328 0.0081 0.0267 0.0268 0.0256
Mutual 00159 0.0265 0.0008 0.0358 0.0294 0.0238
Listing  0.0313 0.0289 0.0192 0.0449 0.0205 0.0403
Low capitalization g opgg* 0.0109*  0.0091** 0.0344 0.0312 0.0211

aTest of the mean EC difference between shock aadicfrad) non shock firms based on student t test

bTest of median difference between shock and (mejamen shock firms based on Wilcoxon Mann-Whitrest t
‘Test of the mean EC difference based on opaquevigsa shock firms based on student t test
"Level of significance: ***1%; **5%; *10%.
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Table 4

Univariate statistics on solvency change followimgome shocks

Shock: Shock: No shock
Panel A Full sample 01-04 01,02-04 No shock (matched)
Solvency change Meart 0.0024 -0.0292***  -0.0345*** 0.0022 0.0037
(SCrs1.71) Mediar? 0.0041 -0.0339***  -0.0290*** 0.0047 0.0036
Solvency change Mean 0.0047 -0.0394***  -0.0325*** 0.0056 0.0066
(SCrsz11) Median 0.0055 -0.0316*** -0.0211%* 0.0063 0.0056
Solvency change Mean 0.0068 -0.0439***  -0.0344*** 0.0088 0.0090
(SCrss.1.1) Median 0.0062 -0.0388*** -0.0251*** 0.0080 0.0056
Panel B High Opaquenéss Low Opaqueness
SGr111 SGCriz11 SGCria1 SGCri111 SGCriz11 SGCriam1
Shock: Q1-Q4
Reinsurance 90229 -0.0150**  -0.0253* -0.0349  -0.0600  -0.0597
Income uncertainty 90244  -0.0291*  -0.0346* -0.0433 -0.0732 -0.0712
Business uncertainty 90230  -0.0298  -0.0430  -0.0370  -0.0510  -0.0450
Long tail business  _9.0030  -0.0074* -0.0469  -0.0398  -0.0520  -0.0427
Smallinsurer 90410  -0.0520  -0.0681  -0.0217  -0.0313  -0.0233
Mutual -0.0249  -0.0124  -0.0748  -0.0304  -0.0488  -0.0364
Listing -0.0261 -0.0368 -0.0405 -0.1385 -0.1413 -0.1382
Low capitalization 90252 -0.0125* -0.0298* -0.0298  -0.0435  -0.0461
Shock: Q1,Q2-Q4
Reinsurance 90372  -0.0286  -0.0379  -0.0315  -0.0371  -0.0299
Income uncertainty 90302  -0.0303  -0.0316  -0.0408  -0.0357  -0.0383
Business uncertainty 90360  -0.0307  -0.0415  -0.0332  -0.0341  -0.0277
Long tail business  _g 0212 -0.0144 -0.0391 -0.0393 -0.0388 -0.0328
Smallinsurer 90470  -0.0595  -0.0532  -0.0287  -0.0204  -0.0254
Mutual -0.0208  -0.0110  -0.0360  -0.0373  -0.0375  -0.0342
Listing -0.0337  -0.0319  -0.0332  -0.0685  -0.0539  -0.0838
Low capitalization 9 0056*  0.0027** 0.0230*** -0.0387  -0.0376  -0.0431

aTest of the mean SC difference between shock aattfrad) non shock firms based on student t test

bTest of median difference between shock and (mejamen shock firms based on Wilcoxon Mann-Whitrest t
‘Test of the mean SC difference based on opaqueritkés shock firms based on student t test
"Level of significance: ***1%; **5%; *10%.
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Table 5

Regressions of changes is efficiency and incomeksho

Panel A Income shock t Q1-Q4
Full Sample* Matched Sample
ECr+111 ECria11 ECriat1 ECGrit1 EGra11 EGra 11
C -0.0063 0.0060 0.0280 -0.0195 0.0016 0.0564
(-0.31) (0.26) (1.00) (-0.62) (0.05) (1.37)
SOLV(-1) 0.0603*** 0.0758*** 0.0766*** 0.1389*** 0.1605*** 0.1979***
(5.17) (5.20) (3.89) (5.72) (5.15) (5.57)
SIZE(-1) -0.0006 -0.0020 -0.0031* 0.0006 -0.0013 -0.0039
(-0.50) (-1.53) (-1.94) (0.30) (-0.63) (-1.57)
GPWTA(-1) -0.0247*** -0.0348*** -0.0464*** -0.0233*** -0.0375*** -0.0578***
(-4.42) (-5.76) (-5.65) (-3.06) (-3.74) (-4.53)
RISK 0.0044* 0.0083** 0.0102* -0.0048 -0.0036 -0.0048
(1.67) (2.61) (2.39) (-1.01) (-0.63) (-0.68)
MUTUAL -0.0073 -0.0144** -0.0178** -0.0075 -0.0216* -0.0407**
(-1.18) (-2.11) (-2.11) (-0.64) (-1.85) (-2.66)
SHOCK 0.0255%*** 0.0360*** 0.0218 0.0163* 0.0290** 0.0083
(2.54) (2.95) (1.50) (1.65) (2.10) (0.52)
F 7.93*** 9.90*** 9.15%** 4 59*** 5.84x** 6.18***
Adjusted R 0.054 0.083 0.096 0.070 0.110 0.145
Observations 3619 2841 2146 1427 1131 852
Firms 918 794 709 394 339 291
Year effects Yes Yes Yes Yes Yes Yes
Country effects Yes Yes Yes Yes Yes Yes
Panel B Income shock t Q1,02-Q4
Full Sample* Matched Sample
EGr+1-11 ECr211 ECriat1 ECrit1 EGr211 EGr+311
C -0.0021 0.0118 0.0250 0.0014 0.0285 0.0633
(-0.11) (0.52) (0.91) (0.05) (0.86) (1.61)
SOLV(-1) 0.0598*** 0.0743*** 0.0736*** 0.1362*** 0.1583*** 0.1874***
(5.23) (5.21) (3.84) (5.89) (5.21) (5.51)
SIZE(-1) -0.0008 -0.0024* -0.0028* -0.0006 -0.0030 -0.0040*
(-0.70) (-1.82) (-1.76) (-0.34) (-1.47) (-1.68)
GPWTAC(-1) -0.0266***  -0.0372**  -0.0476**  -0.0288***  -0.0438**  -0.0629***
(-4.85) (-6.26) (-5.91) (-3.73) (-4.31) (-5.01)
RISK 0.0047* 0.0088** 0.0109** -0.0051 -0.0044 -0.0032
(1.79) (2.76) (2.60) (-1.10) (-0.77) (-0.47)
MUTUAL -0.0089 -0.0142** -0.0185** -0.0077 -0.0162 -0.0391***
(-1.45) (-2.08) (-2.25) (-0.69) (-1.41) (-2.72)
SHOCK 0.0235*** 0.0212** 0.0068 0.0163* 0.0150* 0.0018
(3.12) (2.21) (0.69) (1.93) (1.95) (0.17)
F 8.59 10.24 9.53 5.39 6.26 6.44
Adjusted R 0.057 0.082 0.096 0.078 0.109 0.141
Observations 3791 2981 2248 1566 1243 933
Firms 1061 914 804 506 433 366
Year effects Yes Yes Yes Yes Yes Yes
Country effects Yes Yes Yes Yes Yes Yes

Results for the (Fixed country & year effects) EQressions (White's heteroskedasticity consistestatistics in
parentheses). Level of significance: ***1%; **5%10%.

29



Table 6

Regressions of changes is efficiency correcteddtwency change and income shocks

Matched Sample

Income shock t Q1-Q4

Income shock t Q1,Q02-Q4

ECGr111 ECrota EGrat1 EGi11 ECrat1 ECrat1
C 0.0525* 0.0919* 0.1693*** 0.0720** 0.1181*** 0.1700***
(1.76) (2.63) (3.82) (2.43) (3.40) (4.05)
SC -0.3643***  -0.3166***  -0.3605***  -0.3591***  -0.3107***  -0.3352***
(-7.44) (-5.92) (-6.41) (-7.57) (-6.16) (-6.13)
SIZE(-1) -0.0026 -0.0054** -0.0089*** -0.0037** -0.0069***  -0.0087***
(-1.46) (-2.58) (-3.39) (-2.10) (-3.36) (-3.53)
GPWTAC(-1) -0.0217**  -0.0371***  -0.0574**  -0.0271***  -0.0440***  -0.0617***
(-2.92) (-3.58) (-4.34) (-3.62) (-4.21) (-4.85)
RISK 0.0023 0.0050 0.0058 0.0019 0.0038 0.0069
(0.52) (1.01) (0.95) (0.43) (0.76) (1.16)
MUTUAL -0.0009 -0.0135 -0.0302** -0.0003 -0.0074 -0.0268*
(-0.08) (-1.22) (-2.10) (-0.03) (-0.69) (-1.94)
SHOCK 0.0141 0.0292** 0.0102 0.0118 0.0125 0.0016
(1.23) (2.08) (0.62) (1.44) (1.23) (0.15)
F 7.71%* 7.82%** 8.33*** 8.60*** 8.37** 8.36***
Adjusted R 0.124 0.149 0.194 0.127 0.147 0.181
Observations 1427 1131 852 1566 1243 933
Firms 394 339 291 506 433 366
Year effects Yes Yes Yes Yes Yes Yes
Country effects Yes Yes Yes Yes Yes Yes

Results for the (Fixed country & year effects) EQnressions (White's heteroskedasticity consistestatistics in
parentheses). Level of significance: ***1%; **5%]0%.
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Table 7

Regressions of changes is efficiency and Q1 — @dnie shocks depending on opagueness

Panel A Income shock t Q1-Q4
Reinsurance Income Business  Long tail Small Low
uncertainty uncertainty  business Insurer  capitalization
C 0.1065*** 0.0870** 0.1017%** 0.0750** 0.0703** 0.0992**
(3.00) (2.46) (3.03) (2.09) (2.04) (2.81)
SC -0.3158*** -0.3218***  -0.3174*** -0.3113***  -0.3128*** -0.3091***
(-5.85) (-6.03) (-5.96) (-5.92) (-5.84) (-5.69)
SIZE(-1) -0.0049** -0.0050** -0.0055** -0.0049** -0.0038* -0.0056**
(-2.40) (-2.33) (-2.70) (-2.31) (-1.77) (-2.67)
GPWTAC(-1) -0.0363*** -0.0374*** -0.0418*** -0.0381***  -0.0375*** -0.0343***
(-3.53) (-3.57) (-4.04) (-3.86) (-3.69) (-3.11)
RISK 0.0059 0.0045 0.0065 0.0068 0.0047 0.0029
(1.20) (0.74) (1.24) (1.35) (0.93) (0.54)
MUTUAL -0.0104 -0.0146 -0.0134 -0.0107 -0.0139 -0.0140
(-0.95) (-1.31) (-1.18) (-0.98) (-1.26) (-1.25)
0oQ -0.0363*** -0.0012 -0.0150 0.0207** 0.0111 -0.0160*
(-4.84) (-0.11) (-1.30) (2.53) (1.00) (-1.93)
OQ*SHOCK 0.0414* 0.0505*** 0.0636** 0.0686** 0.0397* 0.0582*
(2.17) (2.82) (2.77) (2.55) (1.86) (1.78)
(1-0Q)*SHOCK 0.0056 -0.0274** -0.0079 0.0063 0.0226 0.0254*
(0.32) (-2.24) (-0.70) (0.45) (1.30) (1.68)
F 8.38*** 7.59%** 7.65%** 7.66%*** 7.37%* 7.45%%*
Adjusted R 0.168 0.153 0.154 0.161 0.148 0.150
Observations 1131 1131 1131 1131 1131 339
Firms 339 339 339 339 339 1131
Year effects Yes Yes Yes Yes Yes Yes
Country effects Yes Yes Yes Yes Yes Yes

Results for the (Fixed country & year effects) EQressions (White's heteroskedasticity consistestatistics in

parentheses). OQ is a dummy variable represeniilgdpaqueness based on the respective opaquerasana.
Level of significance: ***1%; **5%; *10%.
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Table 8

Regressions of changes is efficiency and Q1,02 n€pme shocks depending on opagqueness

Panel B Income shock t Q1,02-Q4
. Income Business  Long tail Small Low
Reinsurance . . ; o
uncertainty uncertainty  business Insurer  Capitalization
C 0.1232%** 0.1175%** 0.1298*** 0.1016*** 0.1086*** 0.1251 ***
(3.92) (3.75) (4.07) (3.20) (2.98) (3.98)
SC -0.3131%** -0.3105***  -0.3085*** -0.3048***  -0.3089*** -0.0030***
(-10.33) (-10.28) (-10.24) (-10.08) (-10.17) (-9.87)
SIZE(-1) -0.0068*** -0.0068*** -0.0072*** -0.0065*** -0.0062** -0.0072***
(-3.45) (-3.39) (-3.63) (-3.26) (-2.58) (-3.61)
GPWTAC(-1) -0.0435*** -0.0447*** -0.0495*** -0.0437***  -0.0444*** -0.0394***
(-4.91) (-4.98) (-5.41) (-4.97) (-4.96) (-4.26)
RISK 0.0040 0.0035 0.0052 0.0053 0.0037 0.0016
(0.90) (0.60) (1.17) (1.19) (0.84) (0.36)
MUTUAL -0.0069 -0.0079 -0.0061 -0.0046 -0.0076 -0.0073
(-0.63) (-0.72) (-0.56) (-0.42) (-0.69) (-0.67)
0oQ -0.0111 -0.0032 -0.0182** 0.0203** 0.0042 -0.0176**
(-1.55) (-0.30) (-2.20) (2.66) (0.37) (-2.06)
OQ*SHOCK 0.0161* 0.0272** 0.0459*** 0.0263* 0.0183 0.0392**
(1.85) (2.22) (3.33) (1.62) (1.04) (2.15)
(1-0Q)*SHOCK 0.0060 -0.0061 -0.0101 0.0066 0.0106 0.0093
(0.37) (-0.46) (-0.87) (0.64) (1.02) (0.99)
F 7.91 % 7.96%** 8.24 % 8.28*** 7.83%* 7.98%***
Adjusted R 0.147 0.148 0.153 0.154 0.146 0.148
Observations 1243 1243 1243 1243 1243 1243
Firms 433 433 433 433 433 433
Year effects Yes Yes Yes Yes Yes Yes
Country effects Yes Yes Yes Yes Yes Yes

Results for the (Fixed country & year effects) EQressions (White's heteroskedasticity consistestatistics in
parentheses). OQ is a dummy variable represeniiigdpaqueness based on the respective opaquerasana.
Level of significance: ***1%; **5%; *10%.

32



Table 9
Regressions of changes is efficiency and incomekshdepending on ownership

Income shock t Q1-Q4 Income shock t Q1,02-Q4
Unlisted Mutual Unlisted Mutual
C 0.0891* 0.0927** 0.1144*** 0.1208***
(2.57) (2.65) (3.62) (3.87)
SC -0.3162*** -0.3166*** -0.0031*** -0.3109***
(-5.89) (-5.92) (-10.28) (-10.29)
SIZE(-1) -0.0051** -0.0054** -0.0066*** -0.0070***
(-2.46) (-2.58) (-3.26) (-3.53)
GPWTA(-1) -0.0369*** -0.0377*** -0.0438*** -0.0450***
(-3.56) (-3.62) (-4.95) (-5.09)
RISK 0.0050 0.0051 0.0038 0.0036
(1.01) (1.01) (0.86) (0.83)
MUTUAL (M) -0.0135 -0.0178 -0.0076 -0.0186
(-1.22) (-1.50) (-0.69) (-1.46)
Unlisted (UL) -0.0099 / -0.0112 /
(-0.73) (-0.62)
UL*SHOCK 0.0284* / 0.0127 /
(1.98) (1.36)
(1-UL)*SHOCK 0.0504 / 0.0083 )
(0.94) (0.19)
M*SHOCK / 0.0477* / 0.0451**
(1.77) (2.14)
(2-M)*SHOCK / 0.0226 / 0.0061
(1.46) (0.62)
F 7.32%%% 7.58%* 7.34%%% 8.20%+
Adjusted R 0.148 0.101 0.146 0.104
Observations 1131 1131 1243 1243
Firms 339 339 433 433
Year effects Yes Yes Yes Yes
Country effects Yes Yes Yes Yes

Results for the (Fixed country & year effects) EQressions (White's heteroskedasticity consistestatistics in
parentheses). Level of significance: ***1%; **5%10%.
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