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ABSTRACT

The aim of this paper is 1) to empirically investigate the impact and influencing factors of
spillover effects to US and European insurers caused by operational losses in the US and Euro-
pean banking and insurance industry and 2) to propose and calibrate a model for such spillover
effects based on the empirical findings, which to the best of our knowledge has not been done
previously. Toward this end, we conduct an event study and find significant spillover effects
due to operational losses, whereby a higher number of firms faces contagion effects than com-
petitive effects. A regression analysis further reveals that spillover effects are rather infor-
mation-based than pure, as event and firm characteristics have a significant impact, specifically
external fraud, the return on equity of the announcing firm and the similarity between the an-
nouncing and the non-announcing firm in terms of size. Based on the empirical findings, we fit
a distribution and model spillover effects and underlying operational losses to assess respective
risk measures. The results show that spillover risk can be considerable for non-announcing
firms as well as from a portfolio view, which has important risk management implications.

Keywords: Spillover effects; operational risk; contagion; event study
JEL Classification: G14; G22; G32
1. INTRODUCTION

Operational losses can result in substantial reputational losses for announcing firms in the finan-
cial services industry, as stock price reactions can by far exceed the size of the primary opera-
tional loss (see, e.g., Cummins et al., 2006; Cannas et al., 2009; Gillet et al., 2010; Fiordelisi et
al., 2013; 2014; Sturm, 2013). However, reputation risks do not only occur due to own actions or
inactions, respectively, but also due to associations with third parties such as industry competi-
tors (see, e.g., Csiszar and Heidrich, 2006). Thus, operational losses or adverse events in general
do not only affect the announcing firm, but may also have externalities, i.e. spillover effects to
non-directly involved non-announcing firms. First empirical investigations of spillover effects
from operational risk events by Cummins et al. (2012) and Kaspereit et al. (2017) observe signif-
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icant spillover effects. The consideration of spillover effects is thus not only of high relevance
for individual firms, which may suffer financial losses, but also for investors with portfolios con-
sisting of stocks of financial firms as well as insurance companies providing protection against
operational losses and such spillover effects (as is the case for the reputation insurance policy by
Munich Re, see Gatzert et al., 2016), for instance. Thus, this paper aims to 1) further investigate
the impact and determinants of spillover effects from operational risk events for insurers in the
US and Europe, i.e., factors that cause (perceived) interconnectedness and links between firms,
and 2) to provide a model of spillover effects that is calibrated based on the empirical results,
which to the best of our knowledge has not been done previously.

Empirical research concerning spillover effects has been conducted for a variety of distinct
events in the banking industry (for reviews see, e.g., Kaufman, 1994; Flannery, 1998), the insur-
ance industry and other industries, with a more detailed overview of respective studies presented
in Section 2. From a broader perspective of operational losses in general instead of specific
events, Cummins et al. (2012) investigate spillover effects for US banks and insurers and
Kaspereit et al. (2017) for European banks, which is thus the closest work to this paper. Most
empirical studies also analyze factors that may influence the links between firms in a network
and thus the impact of resulting spillover effects, such as firm characteristics of the announcing
and the non-announcing firm, the proximity of the firms (e.g., in terms of size or geographical
distance) or the event causing spillover effects. Roehm and Tybout (2006) further study when
scandals spill over in an experimental setting and Yu and Lester (2008) as well as Yu et al.
(2008) theoretically investigate this topic, for instance.

We contribute to the literature by extending previous research in several ways. While Cummins
et al. (2012) investigate spillover effects of operational loss events on US insurers inter alia, to
the best of our knowledge such an analysis has not been conducted including European insurers
to date. We further study an extended set of factors influencing spillover effects, especially with
respect to the question what constitutes firm networks or similarity in the financial services in-
dustry. Most importantly, while Cannas et al. (2009) model reputation risk after internal fraud
events for announcing firms, ours is the first paper to (mathematically) model spillover effects of
different operational loss types to non-announcing firms using the results of the preceding empir-
ical analyses and to calculate respective risk measures, which has not been done previously.

In particular, we focus on 162 large operational loss events of US and European banks and insur-
ers from 2008 to 2017 taken from the OffSchOR database and investigate resulting spillover
effects of each event on up to 217 publicly listed US and European insurers. Following the event
study literature, spillover effects are calculated as cumulative abnormal returns (CARs) using the
five-factor model proposed by Fama and French (2015). Besides investigating the size and sig-
nificance of the respective spillover effects, we further study the impact of event characteristics,



of characteristics of the announcing and the non-announcing firm and of similarities between the
announcing and the non-announcing firms by means of regression analyses. Next, we propose a
model for spillover effects, which takes respective influencing factors into account and is cali-
brated based on the empirical analyses, whereby the underlying operational losses are modeled
using the scaling approach by Dahen and Dionne (2010). Finally, numerical analyses based on a
Monte Carlo simulation are conducted to assess risk measures for spillover effects such as the
value at risk (VaR).

The results show significant spillover effects to non-announcing insurers. The findings further
support the hypotheses that event characteristics, firm characteristics and similarity between
firms influence spillover effects. Specifically, external fraud events, the return on equity (ROE)
of the announcing firm and similarity in terms of size exhibit significant effects. In addition, we
find that a Laplace distribution describes CARs due to spillover effects best among the consid-
ered distributions. Finally, the simulation of spillover effects shows that spillover effects can be
highly relevant and thus pose a substantial risk for the respective firms, especially for a high
number of relevant announcing firms, and for investors with a portfolio of financial firms. This is
also of great importance for insurance companies offering insurance contracts against reputation-
al losses (including spillover effects), which may have to cover the losses of several financial
companies insured, thus exhibiting considerable potential for concentration risks.

The paper is structured as follows. Section 2 gives background information on spillover effects,
reviews previous literature and develops general hypotheses. Section 3 presents the methodology
for empirically assessing spillover effects and their influencing factors. Section 4 provides an
approach for modeling spillover effects based on empirical results. Section 5 presents the under-
lying data and empirical results. In Section 6, the mathematical model for spillover effects is
calibrated and numerical results of the simulation are displayed, and Section 7 concludes.

2. LITERATURE REVIEW AND GENERAL HYPOTHESES

Spillover effects are the sum of two offsetting effects: “contagion effects” and “competitive ef-
fects” (see Lang and Stulz, 1992). Contagion effect means that a non-announcing firm suffers a
financial loss like the announcing firm. Stakeholders may conclude that similar adverse events
will also affect other firms in the future (see Cummins et al., 2012; Kaspereit et al., 2017). This
could lead to an anticipation of higher regulatory costs or, more generally, reduce estimations of
expected future cash flows and influence the cost of capital (see Cummins et al., 2012). Apart
from intra-industry effects, i.e., from an announcing insurer to a non-announcing insurer, also
inter-industry spillover effects from banks to insurers can occur due to a deteriorated reputation
of the entire financial services industry, particularly against the background of increasing inte-
gration of the financial services market. Insurers thereby compete with banks concerning person-



al and commercial financial products, as they offer similar products or products with the same
goal (see Cummins et al., 2012). For this reason, however, also intra- and inter-industry competi-
tive effects may occur, meaning that non-announcing firms gain from an adverse event of an
announcing firm. One main reason for this is that customers might switch from an announcing
firm, which is weakened due to an adverse event, to other non-announcing firms (see Cummins
etal., 2012; Kaspereit et al., 2017).

Various empirical research studies spillover effects after distinct events by means of an event
study. For the banking industry, Aharony and Swary (1983; 1996) and Akhigbe and Madura
(2001) investigate the impact of bank failures on rivals, and Goldsmith-Pinkham and Yorulmazer
(2010) focus on the bank run and bailout of Northern Rock. Spillover effects of other events
studied in the banking industry include loan-loss reserve announcements (see Docking et al.,
1997), dividend cuts (see Bessler and Nohel, 2000; Slovin et al., 1999), disclosure of supervisory
or regulatory enforcement actions (see Slovin et al., 1999; Jordan et al., 2000), negative earnings
surprises (see Prokopczuk, 2010) and stock issues (see Slovin et al., 1992). Brewer and Jackson
(2002) and Kabir and Hassan (2005) investigate spillover effects for insurers besides banks in
the context of financial distress announcements and the long-term capital management crisis,
respectively. Several other studies focus specifically on spillover effects in the insurance indus-
try. The impact of failures of distinct life insurers is investigated by Fenn and Cole (1994), Avila
and Eastman (1995), Haley and Sigler (1996), Szewczyk et al. (1997) and Cowan and Power
(2001). Egginton et al. (2010) examine spillover effects of the American International Group
(AIG) bailout and Jonsson et al. (2009) study two scandals at Skandia. Furthermore, Fields et al.
(1998) investigate the influence of financial distress at Lloyd’s of London for property-liability
insurers and Angbazo and Narayanan (1996) the impact of Hurricane Andrew, whereby also
property-liability insurers with no direct claim exposure are affected. Cheng et al. (2010) focus
on spillover effects for insurance brokers and insurers from a civil suit against Marsh in the con-
text of contingent commissions. Park and Xie (2014) examine the impact of reinsurer down-
grades on property-liability insurers and also find spillover effects when no reinsurance ar-
rangement between the parties exists. Polonchek and Miller (1999) study the effect of equity
issuance of insurers on rivals.

Besides research focusing on the financial services industry, empirical studies on spillover ef-
fects for different industries exist. Lang and Stulz (1992) study intra-sector effects of bankruptcy
announcements for various industries. In the context of product safety and quality, Bosch et al.
(1998) examine externalities of airplane crashes, Freedman et al. (2012) of toy recalls and Jarrell
and Peltzman (1985) of drugs and automobile recalls. Hill and Schneeweis (1983) further study
the impact of the Three Mile Island nuclear accident for utility firms. Goins and Gruca focus on
the impact of layoff announcements as an example of managerial action for non-announcing



firms in the oil and gas industry. Intra-industry effects of adverse accounting irregularities for
various industries are investigated by Xu et al. (2006) and Gleason et al. (2008).

Empirical research for a broad set of operational loss events is conducted by Kaspereit et al.
(2017) and Cummins et al. (2012). Kaspereit et al. (2017) examine spillover effects for European
banks caused by operational loss events of publicly traded European banks by means of an event
study of stock returns. For this purpose, 72 events with a loss amount of at least EUR 50 million
from 2000-2013 are selected from the OffSchOR database. Using a four-factor model to calcu-
late CARs, Kaspereit et al. (2017) find significantly negative effects for both announcing and
non-announcing firms, which are not significant for smaller loss amounts. Regression analyses
show that spillover effects do not depend on firm-specific or on other tested influencing factors
apart from the correlation of stock prices as a general indicator of firm similarity. Cummins et al.
(2012) study spillover effects of operational risk events for US banks and insurers, traded on
NYSE, AMEX or Nasdaq, by calculating CARs with a market-based model. 415 bank and 158
insurance events with a loss amount of at least USD 50 million from Algo OpData from 1978-
2010 are investigated. Significantly negative intra- and inter-sector spillover effects are ob-
served, which are similar but smaller in magnitude when using a threshold of USD 10 million for
considered events as a robustness check. Conducting regression analyses, Cummins et al. (2012)
find significant influences of the natural logarithm of the loss amount of the operational risk
event, of Tobin’s Q of the non-announcing firm and, for some sub-panels, also of the equity-to-
assets ratio of the non-announcing firm. Significant coefficients are also observed for the consid-
ered operational loss event type dummies, suggesting different spillover effects for different
event types.

Consistent with the majority of prior empirical work, which finds significant spillover effects
following various events, our first general Null hypothesis is as follows:

Hq: Operational loss events do not cause spillover effects to non-announcing firms.

Rejecting this hypothesis implies that operational loss events cause spillover effects to non-
announcing firms.

One can further differentiate between pure and information-based spillover effects, whereby pure
effects refer to irrational re-pricing versus rational re-pricing due to certain characteristics for
information-based effects (see Aharony and Swary, 1983). Thus, various research exists on pos-
sible factors influencing spillover effects, specifically the proximity or links between firms, firm
characteristics in general or circumstances of the underlying event at the announcing firm. In this
context, the vast majority of empirical studies conducting cross-sectional analyses of spillover
effects finds evidence that spillover effects are rather information-based than pure (see, e.g.,



Aharony and Swary, 1983; 1996; Bessler and Nohel, 2000; Jordan et al., 2010; Cowan and Pow-
er, 2001; Brewer and Jackson, 2002; Cheng et al., 2010; Goldsmith-Pinkham and Yorulmazer,
2010; Cummins et al., 2012), which is also concluded in the literature review by Flannery
(1998).

Further general Null hypotheses to be tested are therefore:

H>: Spillover effects do not depend on event characteristics.

Haz: Spillover effects do not depend on characteristics of the announcing and the non-announcing
firm.

Ha: Spillover effects do not depend on similarities between the announcing and the non-
announcing firm.

Specific variables, which might influence the size and direction of spillover effects, are ex-
plained and defined in what follows. In case no significant influencing factors are detected, spill-
over effects appear to be purely contagious.

Among the event characteristics, we investigate the impact of Loss amount, i.e., the natural loga-
rithm of the size of the underlying operational loss of the announcing firm. Events with a higher
loss amount are perceived as more serious in general and ought to cause stronger spillover ef-
fects for this reason (see Kaspereit et al., 2017). In addition, as extreme loss events occur less
frequently, they are more likely to convey new information (see Cummins et al., 2012). Since
empirical research concerning operational losses finds that certain event types, such as external
fraud (see, e.g., Fiordelisi et al., 2014) and internal fraud (see, e.g., Gillet et al., 2010; Fiordelisi
et al., 2014), have a special role, we further examine the impact of three dummy variables con-
sistent with other empirical studies (see, e.g., Sturm, 2013), Internal fraud, External fraud and
CPBP (clients, products & business practices), in comparison to the reference category of all
other operational loss event types.!

For the characteristics of the announcing firm A, we include Sizea as the natural logarithm of the
book value of total assets. Due to higher media and thus investor attention for larger firms (see
Akhigbe and Madura, 2001; Kaspereit et al., 2017), we expect to find stronger spillover effects
when the announcing firm is large because of greater information transfers (see Goins and Gru-
ca, 2008). Furthermore, we investigate the influence of the profitability of the announcing firm in
terms of the return on equity, RoEa, i.e., net income divided by book equity. Since operational

L Operational loss events can be categorized in the following types: 1) internal fraud, 2) external fraud, 3) em-
ployment practices and workplace safety (EPWS), 4) clients, products & business practices (CPBP), 5) damage
to physical assets (DPA), 6) business disruption and system failures (BDSF), 7) execution, delivery & process
management (EDPM) (see Basel Committee on Banking Supervision, 2004, p. 224 f.).



loss events for highly profitable firms are less expected, they may cause higher damage (see
Fiordelisi et al., 2013). This could lead to higher competitive effects, but operational loss events
at highly profitable firms might also deteriorate the reputation of the entire financial services
sector, resulting in contagion effects.

Similarly, with respect to characteristics of the non-announcing firm NA, we include Sizena as
the natural logarithm of the book value of total assets. Since larger firms have better controls in
general (see Kaspereit et al., 2017) and the likelihood of experiencing similar loss events may
thus be judged as small, larger firms might see competitive effects after loss announcements of
rivals. However, as larger firms are also more complex (see Kaspereit et al., 2017), they are also
more vulnerable to operational losses. We also examine the effect of RoEna, the return on equity
of the non-announcing firm. Profitability may serve as an indicator of high status, which in turn
grants the benefit of the doubt (see Yu et al., 2008) and may insulate the non-announcing firm
(see Jonsson et al., 2009). Moreover, profitable firms have more resources for controls, rendering
own adverse events in the future less likely (see Kaspereit et al., 2017), which also supports
competitive spillover effects. In addition, we investigate Leveragena as a proxy for insolvency
risk (see, e.g., Cummins et al., 2012), the ratio of the book value of equity to the book value of
total assets of the non-announcing firm. Since financial distress is less likely with more equity,
such non-announcing firms might experience competitive effects (see Lange and Stulz, 1992;
Aharony and Swary, 1996; Akhigbe and Madura, 2001; Cummins et al., 2012). However, richer
firms (higher equity-to-assets ratio) are also more likely to be targeted by lawsuits according to
the “deep-pocket” theory, rendering losses more probable (see Cummins et al., 2012). Last, we
include a dummy variable USna, which takes the value of 1 for US non-announcing firms and 0O
otherwise, i.e., for European firms, to capture potential regional differences, as Fiordelisi et al.
(2014) find higher reputation losses in Europe than in North America.

Finally, we study a set of variables concerning the similarity between the announcing and the
non-announcing firm. In general, similar firms ought to experience higher market reactions (see
Kaspereit et al., 2017). If one organization faces a crisis, stakeholders might conclude that simi-
lar events are likely to happen at similar organizations as well (see Yu et al., 2008), thus moving
to the alternatives farthest away (see, e.g., Jonsson et al., 2009). Extending the analysis of
Kaspereit et al. (2017), who investigate the correlation of stock market returns as a general
measure of firm similarity in the context of spillover effects from operational losses, we study in
more detail which factors lead to similarity by including four different variables in this regard.
First, we measure similarity in terms of size consistent with Jonsson et al. (2009), for instance,
and examine Ratio Size as one over the absolute difference between the natural logarithm of the
book value of total assets of the announcing and the non-announcing firm, whereby higher val-
ues thus represent higher similarity in terms of size. Since non-announcing firms more similar to
the announcing firm are also punished more for the reasons above, we expect to find contagion



effects in case of high size similarity (see, e.g., Aharony and Swary, 1983; 1996). Furthermore,
we investigate the effect of Ratio Leverage, the equity-to-assets ratio of the non-announcing firm
divided by the equity-to-assets ratio of the announcing firm. Since less risky firms are likely to
be preferred after an adverse event, competitive effects ought to occur for non-announcing firms
with a higher equity-to-assets ratio than the announcing firm. Moreover, we include the dummy
variable Same Industry, which takes the value of 1 in case the announcing firm belongs to the
insurance industry like the non-announcing firm and O otherwise, i.e., for announcing banks, to
investigate if differences concerning intra- and inter-industry effects are present. While the fi-
nancial services industry is increasingly integrated, as laid out in the beginning of this section,
still more similarity and thus rivalry within one sector can be expected (see Goins and Gruca,
2008), meaning stronger intra-industry effects (also see Brewer and Jackson, 2002). Last, we
study the impact of regional proximity by including the dummy variable Same Region, which
takes the value of 1 if both the announcing and the non-announcing firm are from the US or Eu-
rope and O otherwise. Since similar economic conditions are present in the same region and the
public is more aware of local information, spillover effects might be stronger when regional
proximity exists (see, e.g., Aharony and Swary, 1996; Jordan et al., 2000; Brewer and Jackson,
2002; Goins and Gruca, 2008).

3. METHODOLOGY

To empirically assess spillover effects resulting from operational loss events of an announcing
firm A to a non-announcing firm NA, we conduct an event study. As we focus on the insurance
industry, we use the five-factor model by Fama and French (2015) as a benchmark model, which
allows taking into account common return variations among the sample firms in regard to indus-
try characteristics. The model is described by

RNA,j,t - t aNA,j + ﬁlNA,j (Rm,t —h ,I)+ﬂ2NA,jSMBt +:B3NA,J' HMLt + ﬂ4NijRMVV[ + ﬂBNA,jCMA + gNA,j,t' (1)

Rnajt IS the return of a non-announcing firm NA for event j on day t, calculated from the total
return index, which considers dividends and splits. The excess return on the market (Rm - rss) is
the first factor of the Fama and French (2015) five-factor model with rs: being the risk-free re-
turn, the other factors being SMB; (small minus big size), HML (high minus low book-to-market
value ratio), RMW; (robust minus weak profitability) and CMA: (conservative minus aggressive
investment). The intercept anaj and the factors loadings fi,...s naj are estimated by an ordinary
least squares (OLS) regression with error term enat for a standard estimation window of 250
trading days, ending one trading day before the first day of the longest event window around the
first press date of the loss event (day 0). In case the first press date was no trading day, the next
trading day was taken as day O.



Abnormal returns ARnajt are calculated by subtracting the estimated returns from the observed
returns, i.e.,

AR = Rua s = (@un s + B (R =11) + By SMB+ By, HML + B, RMW + B, CMA <1, ). (2)

CARs for an event window from day 11 to day T2 are then obtained by summing up the respective
abnormal returns, i.e.,

7)
CARNA,] (r;;7,) = Z ARNA,j,t' (3)
t=r

To test the significance of the CARs and thus Hi, we employ a parametric and a non-parametric
test statistic robust to event clustering. Specifically, we use the test statistics proposed by
Boehmer et al. (1991) and the generalized sign test by Cowan (1992), in line with Cummins et
al. (2012).

To examine the influence of the L = 14 variables on spillover effects as laid out in Section 2 and
to thereby test Hx.4, we conduct an OLS regression with the CARs as the dependent variable,
which is given by

CAR,,(7;;7,) = a+ B Lossamount; + 3, Internal fraud, + B;External fraud, + 5,CPBP, +
pBSize, + p,RoE, + B.Size,, + B,ROE,, + f,Leverage,, + £,US,, +
p,,Ratio Size + ,Ratio Leverage + 5,Same Industry + /,,Same Region + ¢

L

:a+Z,B|-XI.

1=1

NA, j

(4)
Standard errors are thereby clustered by event, following Jorion and Zhang (2009) and Kaspereit
et al. (2017).

4. MODELING SPILLOVER EFFECTS AND UNDERLYING OPERATIONAL LOSSES

Based on the empirical analysis of spillover effects and influencing factors in networks, we fur-
ther provide a model of spillover effects resulting from underlying operational losses.

4.1 Modeling underlying operational loss events

Toward this end, we first follow Eckert and Gatzert (2017) and assume that the total operational
loss Sa for an announcing firm A in a certain period (e.g., one year) is given by
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SA = ZSA,i = Z XA,i,k’2 (5)

where Sa,i denotes the operational loss of an announcing firm due to one of the seven Basel Il
event types i=1,... | (= 7), Na, represents the number of losses caused by an operational loss of
event type i in the considered period and Xaix is the severity of the k™ operational loss of event
type i. For simplification purposes we assume independence between the single losses Xa,ik, be-
tween the severity Xa,ix and the frequency Na, of losses, as well as between the respective fre-
quencies Nai. We further assume that Na,i follows a Poisson process with parameter Aai and that
Xa,ix follows a truncated lognormal distribution with truncation point T (due to small losses typi-
cally not being recorded in databases) and parameters pai and oa,i. All model assumptions can be
changed and extended if necessary, e.g. by taking into account dependencies between the rele-
vant risk processes. In addition, since spillover effects typically occur for larger operational loss-
es, one potential extension is to apply Extreme Value Theory to approximate losses that exceed a
certain threshold by modeling heavy upper tails of operational losses above a certain threshold
using, e.g. a Generalized Pareto Distribution for the tail (see, e.g., Gourier et al., 2009; Hess,
2011; Gatzert and Kolb, 2014).

To obtain the respective distribution parameters for the operational losses, we adopt the scaling
approach by Dahen and Dionne (2010), which allows a differentiation of operational loss events
depending on (firm) characteristics, and additionally integrate the adjustment used in Eckert and
Gatzert (2017) to differentiate between event types. The parameter 14, of the Poisson distribution
is then given by

ﬂ, _ 1 e(ﬁoA+ﬁlA In(Assets)A+ﬁ2ACapitalizationA+ﬁ3A Mean SalaryA+ﬁ4A Real GDP GrowthA)
M0
number of operational losses of type i in the database

total number of operational losses in the database

(6)

Concerning the severity of operational losses, we use “Model 1” proposed by Dahen and Dionne
(2010), again following Eckert and Gatzert (2017), as we do not differentiate by line of business,
since the announcing firms in our analysis can be insurers or banks. Thus, an observation of an
operational loss event i X os; Trom the database can be approximately scaled to a specific firm A
(X »;) with

. exp (- In(Assets, )) - DBi_( Assets, JaA 0

)A( i — X it =
M TP exp(a, - In( Assets, ) Assets,.,

2 This model is one way to quantify operational losses, and depending on the respective firm, other approaches
might be more suitable. See, e.g., Chaudhury (2010) for an overview of operational risk models.
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with aa being a parameter estimated by Dahen and Dionne (2010), average assets from the data-
base Assets ps and the assets of the respective announcing firm Assets a. Thus, the scaled mean
and standard deviation of operational losses (that are assumed to follow a truncated lognormal
distribution) for some illustrative announcing firm A is calculated by inserting the average assets
from the database Assets ps and the respective mean and standard deviation of the loss amount
for event type i >A<DB,i in Equation (7). The parameters pai and oai of the assumed truncated
lognormal distribution can then be obtained from these moments (see Eckert and Gatzert, 2017).

4.2 Modeling spillover effects

To model spillover effects mathematically, we proceed in the same way as the event study meth-
odology and consider spillover effects as the market value loss using cumulative abnormal re-
turns for a given event window around the operational loss event date, which is also done in
Eckert and Gatzert (2017) for modeling reputational losses. Given that the k™ operational loss of
type i of the announcing firm A Xa,ik exceeds a threshold H above which spillover effects occur,
we define the spillover effect Spnaaik to a non-announcing firm NA as the change in its market
capitalization Mna,ikx by multiplying the market capitalization with the CAR of the non-
announcing firm, i.e.,

SPuaaik = Myaik - CARGu ik (71, 75) .1{XA,i,kZH}. (8)

Thus, the total spillover effect Spna,a to the non-announcing firm due to operational losses of the
announcing firm is given by

1 Naj I Naj

SPaaa = ZZSpNA,A,i,k = zz My - CAR (Tl’ TZ).l{XA‘i,kZH}. )

i=1 k=1 i=1 k=1

Since the CARs can take negative or positive values, the net effect of contagion and competitive
effects is thus considered. While the frequency of spillover effects for the non-announcing firm
is generally assumed to be equal to the frequency of operational losses of the announcing firm,
the spillover effect is set to zero in case the operational loss amount is not high enough.

To model the severity of CARs in Equation (9), we fit a distribution function by means of maxi-
mum likelihood estimation for the CARs calculated using the event study approach explained in
Section 3. In particular, based on the data we later examine four possible continuous distribu-
tions for the spillover effects, which are defined for positive and negative values to allow for
both contagion and competitive effects: logistic, normal, Gumbel and Laplace distribution.
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To take into account the empirical findings concerning influencing factors of spillover effects,
the regression analysis of Equation (4) is re-estimated using the L* significant explanatory varia-
bles x to calculate the average CAR as

-
CAR\ nik (71' Tz) =a+ Z:B| "X (10)
=)

which can then be applied to adjust the first parameter of a fitted distribution.
5. EMPIRICAL RESULTS
5.1 Sample and data sources

Operational loss events as one important underlying cause of spillover effects are taken from the
OffSchOR database, provided by VOB-Service GmbH, which was also used by Kaspereit et al.
(2017) for spillover effects to European banks and Sturm (2013) for studying reputational effects
of announcing firms, for instance. In OffSchOR, operational loss events of financial services
firms with a loss amount of at least EUR 100,000 have been collected since 2008. Besides de-
scriptions of the event and the loss amount, OffSchOR provides information such as the event
type of the operational loss according to Basel Il, the announcing firm and the press date. We
select events from OffSchOR with a publicly listed bank or insurer from the US or Europe as the
announcing firm with data available from Datastream and take into account events from the year
of the beginning of the data collection in 2008 until the end of 2017, i.e., a ten-year event period.
This leads to 391 loss events in total. However, as described before, we only use events with a
loss amount that exceeds a certain threshold, as large losses attract more attention and therefore
ought to be more likely to cause considerable (reputational) spillover effects. We set this thresh-
old to EUR 50 million since we find the highest proportion of significant CARs here, which is
also consistent with Kaspereit et al. (2017) and generally with Cummins et al. (2012) (who use a
threshold of USD 50 million) and will be subject to robustness checks. This results in 162 opera-
tional loss events.® Summary statistics for the operational loss data are provided in Table 1.

Table 1: Summary statistics of operational loss data

Mean Median Std. Min Max Number
External fraud 876.33 286.00 1,404.22 60.00 3,700.00 6
Internal fraud 890.07 220.00 1,709.96 70.32 6,320.00 13
CPBP 1,005.56 312.40 1,844.32 51.58 12,554.67 133
Other 496.76 434.28 461.11 50.34 1,498.00 10
Total 960.10 310.70 1,759.35 50.34 12,554.67 162

Notes: The figures are based on operational loss events from 2008 until 2017 with a loss amount of at least EUR 50
million and are displayed in EUR million, where applicable.

3 For athreshold of EUR 10 million, we obtain 244 operational loss events.
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For the event study, we follow Cummins et al. (2012) and consider the event window (-15;15) as
the longest event window, which allows sufficient time for market reactions after the event and
also accounts for potential information leakage prior to the first press date, and further use vari-
ous subsets as event windows.* Spillover effects of the selected 162 events in terms of CARs are
investigated for all publicly listed US and European insurers with market and balance sheet data
available from Datastream, which is used as the source for firm data. Data is obtained in EUR,
consistent with the currency of the loss amount in OffSchOR. Hence, the impact of each event is
examined for up to 217 non-announcing insurers. Eliminating observations with missing varia-
bles in the regression analysis, we end up with n = 26,912 observations for the base case of the
regression analysis. Summary statistics of the announcing and non-announcing sample firms are
displayed in Table 2.

Table 2: Summary statistics of sample firms in the data set corresponding to Table 1

Announcing firms Non-announcing firms

31 217

Number Thereof US banks 8 -
Thereof European banks 21 -

Thereof US insurers 0 111

Thereof European insurers 2 106

Mean 925,348.64 50,806.86

Total assets Median 845,788.25 3,660.24
(book value) First Quartil 326,108.30 380.87
Third Quartil 1,495,664.73 27,270.27

Standard deviation 661,136.67 127,621.64

. Mean 0.07 0.20
EQUIty-to-assets e dian 0.06 0.20
ratio (leverage)  First Quartil 0.05 0.10
Third Quartil 0.09 0.31

Standard deviation 0.04 1.05

ROE Meap 0.05 0.09
Median 0.06 0.09

First Quartil 0.05 0.03

Third Quartil 0.09 0.14

Standard deviation 0.25 1.32

Notes: Figures refer to the period from 2008 to 2017 and are displayed in EUR million, where applicable.

5.2 Empirical results regarding spillover effects to the insurance industry

Table 3 presents the mean and median values of CARs of non-announcing European and US
insurers after announcements of operational loss events for different event windows, as well as
two significance tests. The significance tests reveal that significant spillover effects occur for
almost all considered event windows, generally rejecting Null hypothesis Hi. For the event win-
dows (-5;5), (-15;15), (0;5) and (0;15), the mean CARs are significantly different from zero at
least at a 10% level based on both the applied parametric and non-parametric significance test,

4 We thank Kenneth French for providing the factors for their five-factor market model for US and European firms
online at http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html.
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and the mean CARs for the event windows (-1;1), (-10;10) and (0;1) are significant according to
the non-parametric test by Cowan (1992).

Table 3: Analysis of spillover CARs

Mean Median BMP COow
CAR(-1;1) 0.245% 0.000% 1.197 6.104***
CAR(-5;5) 0.455% -0.012% 1.868* 4.948%**
CAR(-10;10) 0.274% -0.170% 0.165 1.889**
CAR(-15;15) 0.311% -0.080% 2.457** 4,102%**
CAR(0;1) 0.051% -0.022% -0.965 3.070%**
CAR(0;5) 0.115% -0.152% -1.782* -1.923**
CAR(0;10) 0.223% -0.126% 0.879 1.232
CAR(0;15) 0.227% -0.146% 2.164** 1.716**

Notes: BMP is the parametric test-statistic for the mean CAR proposed by Boehmer et al. (1991). COW is the non-
parametric test-statistic for the mean CAR of Cowan’s (1992) generalized sign test. ***, ** and * denote statistical
significance at the 1%, 5% and 10% level, respectively.

Concerning the sign of the CARs and thus the emergence of contagion or competitive effects, we
observe that while the mean CAR is positive for all examined event windows and ranges from
0.051% to 0.455%, the median CAR is negative for all event windows with a range
from -0.170% to 0.000%. This suggests that firms experience more often contagion effects, but
some relatively strong competitive effects occur as well. The absolute magnitude is thereby simi-
lar to the results reported by Cummins et al. (2012) for operational loss events of US banks and
insurers.

Since the significance tests of the CARs reveal the highest significance level for the event win-
dow (-15;15) and this event window also shows the highest proportion of single significance
CARs based on an ordinary t-test as suggested by MacKinlay (1997), we use the event window
(-15;15) as the base case for the following analyses, consistent with Cummins et al. (2012), and
further conduct robustness checks by using different event windows.

To examine which factors influence the emergence of spillover effects and to investigate whether
spillover effects are information-based rather than pure, we conduct regression analyses. Table 4
shows the influence of the variables with respect to event characteristics, characteristics of the
announcing and the non-announcing firm, and the similarity between firms as laid out in Section
2 on the CARs in the event window (-15;15) as the dependent variable.> While the adjusted R? is
rather low, it is still higher than the one reported by Kaspereit et al. (2017) and Cummins et al.
(2012) in a similar context, and the F-statistic is highly significant.

> As a multicollinearity check, variance inflation factors were examined. The highest one, being 4.69 for Lever-
agena, is below the generally cited critical value of 10 (see Marquardt, 1970).
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Table 4: Results of the OLS regression with respect to factors that influence spillover effects

(Equation (4))

Regression coefficient P-value
Loss amount -0.0006 0.815
Internal fraud 0.0320 0.320
External fraud 0.1401*** 0.000
CPBP 0.0062 0.745
Sizea 0.0050 0.261
ROEA -0.1733*** 0.001
Sizena -0.0002 0.865
ROEna 0.0003 0.716
Leveragena 0.0007 0.841
USna 0.0089 0.125
Ratio Size -0.0005** 0.039
Ratio Leverage 0.002 0.454
Same Industry -0.0249 0.272
Same Region -0.0049 0.396
Intercept -0.0616 0.432
n=26,912

Adj. R?=0.0179

P-value F=0.0000
Notes: The dependent variable is CAR(-15;15). Robust standard errors clustered by event are applied. *** and **
denote statistical significance at the 1% and 5% level, respectively.

The regression analysis shows three significant effects. External fraud events have a significantly
positive effect compared to other operational loss event types, while the RoE of the announcing
firm and a larger similarity between the announcing and the non-announcing firm in terms of
size significantly negatively affect the spillover CARs. This means that when a firm faces an
external fraud event, non-announcing firms experience rather competitive than contagion effects.
Furthermore, in the case of an adverse event at a firm with a high RoE, non-announcing firms
ceteris paribus also suffer, probably because operational loss events at highly profitable firms
deteriorate the reputation of the entire financial services sector. In addition, a relatively high sim-
ilarity of size of the announcing and the non-announcing firm has a negative impact on CARs,
suggesting that firms with similar characteristics (in terms of size) are regarded as more suscep-
tible to similar operational losses.

Thus, the findings reject all three respective Null hypotheses, i.e., characteristics of the opera-
tional loss event (Hz), firm characteristics (Hz) and similarities between the announcing and non-
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announcing firm (Ha) significantly influence spillover effects, which in general seem to be rather
information-based than pure, consistent with the results of Cummins et al. (2012).°

As a robustness check, we use the CARs for other event windows as the dependent variable in
the regression analysis. For the event window (-10;10), for instance, which is also used by
Cummins et al. (2012) besides the event window (-15;15), we find the same three significant
effects. The RoE of the announcing firm has a significant effect in the regression analyses for all
eight considered event windows, the similarity concerning size in six cases and the external fraud
dummy variable in five cases. For robustness purposes, we further apply the regression analysis
for a lower operational loss amount threshold of EUR 10 million (n=40,892), which also yields
the same results, i.e., a significantly positive coefficient of External fraud and significantly nega-
tive coefficients for RoEa and Ratio Size.

6. MATHEMATICAL MODEL APPLICATION WITH NUMERICAL SIMULATION ANALYSIS OF
SPILLOVER EFFECTS

6.1 Input parameters for the underlying operational loss of an illustrative announcing firm

For the purpose of the numerical simulation analysis, we investigate spillover effects of losses
originating from one illustrative announcing firm with (firm) characteristics as assumed by
Dahen and Dionne (2010) over the period of one year, namely a bank with assets USD 100,000
million (EUR 83,333 million), capitalization (ratio of capital divided by total assets) 0.1, mean
salary USD 50 thousand, and real GDP growth 3.7, which are used for scaling in Equations (6)
and (7). The further needed parameters for Equation (6) and (7) are displayed in Table 5, based
on which the parameters pa;i and oa,i of the assumed truncated lognormal distribution can be ob-
tained as shown in Eckert and Gatzert (2017). A summary of the resulting parameters for model-
ing the frequency and severity of operational losses is provided in Table 6. Realizations of opera-
tional losses are obtained by means of a Monte Carlo simulation with 10 million iterations using
fixed random numbers to ensure comparability of the results.

& We find the same three significant effects when excluding operational loss events announced by insurers, i.e.,
when only investigating bank events.
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Table 5: Relevant input parameters from Dahen and Dionne (2010) to be inserted into Equations

(6) and (7)
Regression coefficients Descriptive statistics operational loss events
Number Mean Std.

Frequency External fraud 74 16.640 31.253
Bo -10.0998 Internal fraud 52 9.413 17.855
H 0.8858 CPBP 137 31.469 67.281
B2 2.7740 DPA 2 44,793 61.912
Bs -0.0125 EPWS 17 8.917 15.338
Ba 0.1323 EDPM 17 13.869 18.011

BDSF 1 5.584 0
Severity Total number of losses 300
oA 0.1809 Average assets 38,617

Notes: In USD million, where applicable.

Table 6: Summary of resulting input parameters for modeling operational losses as the basis for
spillover effects for an illustrative announcing bank (with assets USD 100,000 million, capitali-
zation 0.1, mean salary USD 50 thousand, and real GDP growth 3.7)

Event type i FrequenC}/ (Poisson) Severity (truncated lognormal)
AA HA,i OA

External fraud 0.0314 2.168 1.245
Internal fraud 0.0220 1.497 1.272
CPBP 0.0581 2.733 1.318
DPA 0.0008 3.439 1.034
EPWS 0.0072 1.517 1.214
EDPM 0.0072 2.291 0.999
BDSF 0.0004 1.892 0.000

6.2 Estimating the mathematical spillover model

While the frequency of the spillover effects is driven by the underlying operational loss events,
the severity of spillover effects must be separately estimated based on our data set. We thus fit
four possible continuous distributions to the empirically observed spillover CARs (see Equation
(9)), which are defined for positive and negative values to allow for both contagion and competi-
tive effects (logistic, normal, Gumbel and Laplace distribution). Both the Akaike information
criterion (AIC) and the Bayesian information criterion (BIC) indicate that the Laplace distribu-
tion (double exponential distribution) based on a maximum likelihood estimation describes the
data concerning the spillover CARs among the considered distributions best (AIC=-23,843.06,
B1C=-23,826.48), followed by the logistic distribution, which was found to fit reputational losses
of the announcing firm following operational loss events best by Cannas et al. (2009). This holds
for all examined event windows and also for an operational loss amount threshold of EUR 10
million. For the event window (-15;15) the resulting estimated parameters of the Laplace distri-
bution are u=-0.000798 and b=0.122695.

To take into account the empirical results of the regression analysis concerning the influencing
factors of the CARs in Table 4 when modeling spillover effects by means of a Monte Carlo sim-
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ulation, the distribution is adjusted as described in Equation (10), depending on firm and event
characteristics, i.e. External fraud, RoEa, and Ratio Size are needed as the three significant vari-
ables that drive spillover effects.’

To derive the first parameter of the Laplace distribution, we need further assumptions regarding
the announcing and the non-announcing firm. In particular, we study spillover effects from the
announcing firm as described in Section 6.1 to one illustrative non-announcing firm. As input
parameters (firm characteristics) of the non-announcing firm, we use the average values of the
sample of non-announcing insurers considered in the event study for the year 2017, i.e. a market
capitalization of EUR 7,730 million and a book value of total assets of EUR 60,186 million.
Since no value for the RoE of the announcing firm is provided by Dahen and Dionne (2010), we
assume a value of 0.0745 based on data of the announcing firms in our event study for 2017.
Overall, this results in the first parameter of the Laplace distribution of p=0.1168 for external
fraud events and pu=-0.0148 for the other event types.

Spillover effects occur each time the underlying operational loss of the announcing firm exceeds
the threshold of EUR 50 million, whereby operational losses of the different event types are gen-
erated using a Monte Carlo simulation with respective input parameters provided in Table 6.

6.3 Results of the simulation analysis

Table 7 presents the resulting spillover effects for the illustrative non-announcing insurer caused
by different types of operational losses of one announcing firm in EUR million and in percent of
market capitalization over one year. We can observe that the annual loss due to spillover effects
from one announcing firm to the considered insurer amounts to EUR 0.83 million on average,
reflecting a -0.01% mean loss in market capitalization, indicating that the contagion effect domi-
nates the competitive effect in general. The VaR for a confidence level of 0.5% suggests that a
one-in-200-years loss due to spillover effects from one announcing firm is about EUR 260.54
million, corresponding to 3.37% of the market capitalization. The tail value at risk (TVaR), i.e.,
the mean of losses exceeding the VaR, for the worst 0.5% of the cases results in EUR 1,209.95
million or 15.65% of market capitalization.®

7 Re-estimating Equation (4) with the significant variables only, results in similar (significant) coefficients as
displayed in Table 4, namely 0.1316 for External fraud, -0.1700 for RoEa and -0.0007 for Ratio Size.

8 For a comparison, the simulation was also conducted with the unadjusted estimated parameters of the fitted La-
place distribution, i.e., without considering influencing factors on spillover effects. The general result that the
contagion effect dominates the competitive effect remains the same, while the extent of contagion effects is
smaller. For instance, the VaR amounts to EUR -180.76 million (2.34% of market capitalization) and the TVaR
to EUR -1,127.19 million (14.58% of market capitalization) in this case.
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Table 7: Results of the simulation analysis of spillover effects from one announcing firm to an
illustrative non-announcing insurer

Mean Std. VaR 0.5% TVaR 0.5%
In EUR million 20.83 149.12 26054 1,209.95
In % of market -0.01% 1.93% -3.37% -15.65%

capitalization

We further investigate the impact of different assumptions other than the average values for the
firm characteristics. We first vary the size of the non-announcing firm, thus affecting size simi-
larity, and consider a small non-announcing insurer (10% quantile of the sample of non-
announcing insurers in 2017, assets EUR 121 million), a larger but still below average insurer in
terms of size (25% quantile, assets EUR 679 million), an above average insurer in terms of size
(75% quantile, assets EUR 47,492 million) and a large insurer (90% quantile, assets EUR
184,345 million). As the assumed size of the non-announcing firm was relatively similar to the
size of the announcing firm before, all four alternative cases lead to fewer similarity (smaller or
larger). Therefore, the resulting annual loss due to spillover effects is lower. For instance, the
mean annual loss varies between EUR 0.64 million and EUR 0.74 million, the VaR between
EUR -244.72 million (-3.17% of market capitalization) and EUR -253.54 million (-3.28% of
market capitalization) and the TVaR between EUR -1,194.05 million (-15.45% of market capi-
talization) and EUR -1,202.90 million (-15.56% of market capitalization).

Next, we vary the RoE of the announcing firm by assuming an announcing firm with low profit-
ability (10% quantile of the sample of announcing firms in 2017, RoE 0.0160), an announcing
firm with higher but still below average profitability (25% quantile, RoE 0.0528), an announcing
firm with above average profitability (75% quantile, RoE 0.0867) and an announcing firm with
high profitability (90% quantile, RoE 0.1223). Since the results for the standard deviation are
rather similar, we focus the discussion on the remaining statistics. With an increasing RoE, the
mean annual spillover effect decreases from EUR 0.10 million to EUR -1.59 million. For the
case with particularly low profitability, we thus even find that the competitive effect dominates
the contagion effect on average, leading to a small gain, whereby in case of high profitability, the
mean annual loss almost doubled compared to the base case. The VaR ranges from EUR -183.32
million (-2.37% of market capitalization) to EUR -323.55 million (-4.19% of market capitaliza-
tion). The TVaR amounts to between EUR -1,132.59 million (-14.65% of market capitalization)
to EUR -1,273.18 million (-16.47% of market capitalization).

Thus, while the relative impact of spillover risks in terms of market capitalization seems to be
relatively small when considering the mean of -0.01% of market capitalization of the base case,
the consequences for relevant risk measures that are also used for risk-based regulation are con-
siderable. In addition, one has to keep in mind that the results in Table 7 only refer to spillover
effects from operational loss events of one announcing firm to the considered non-announcing
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firm. In general, a higher number of potential announcing firms has to be considered and the
results can be extended to take this situation into account. For instance, when assuming inde-
pendence between operational losses in different firms and assuming 100 potential announcing
financial services firms (with similar characteristics) instead of only one, this would lead to a
mean annual loss due to spillover effects in one non-announcing firm of EUR 83 million (1.07%
of market capitalization) instead of EUR 0.83 million. Therefore, the results indicate that spillo-
ver effects may indeed represent a considerable risk for firms, which would be even more rele-
vant when considering portfolios of firms that are subject to spillover risk.

7. SUMMARY

This paper empirically investigated spillover effects from operational risk events in banks and
insurers as well as relevant influencing factors for insurers and proposed a new mathematical
modeling approach for spillover risk that was calibrated based on the empirical data, which was
used for a numerical simulation analysis. The empirical analysis was based on an event study for
various event windows regarding the impact of 162 large operational losses of US and European
banks and insurers from 2008 to 2017 on up to 217 publicly listed US and European insurers per
event. Next, we investigated potential influencing factors (event and firm characteristics) con-
cerning the size and direction of spillover effects using regression analyses, thereby also examin-
ing what constitutes networks or similarities in the financial services industry. In addition, ro-
bustness checks regarding the chosen event window and the operational loss amount threshold
above which spillover effects occur were conducted. Based on the data, a distribution for spillo-
ver effects was chosen and fitted, which allows positive and negative values to consider conta-
gion and competitive effects. The severity and frequency of the underlying operational loss event
types of the announcing firm was modeled using a classical loss distribution approach along with
a scaling approach to account for firm and other conditions. Finally, a Monte Carlo simulation
was applied to examine descriptive statistics and risk measures of spillover effects from one an-
nouncing firm to an illustrative non-announcing firm with average firm characteristics of the
insurers in the sample.

The results show significant CARs for almost all considered event windows, supporting the gen-
eral hypothesis that spillover effects to non-announcing firms occur after the announcement of
(large) operational losses. In particular, more firms in the sample appear to experience contagion
effects when considering the negative median CAR, but some relatively strong competitive ef-
fects as indicated by a positive mean CAR occur as well. The regression analysis concerning
influencing factors on spillover effects reveals significant effects of event characteristics, firm
characteristics and the similarity between the announcing and the non-announcing firm, also
supporting these three general hypotheses. This implies that spillover effects are rather infor-
mation-based than pure. In particular, external fraud events ceteris paribus have a significantly
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positive impact on the CAR of non-announcing firms. In addition, the RoE of the announcing
firm exhibits a significantly negative effect, indicating that operational loss events at profitable
firms can deteriorate the reputation of the entire financial services industry, leading to contagion
effects. A higher similarity between firms in terms of size has a significantly negative impact on
CARs of the non-announcing firm following operational losses as well, as stakeholders consider
it likely that similar events also happen at these firms and may thus move to different organiza-
tions. The results remain similar when using different event windows and a lower threshold for
the size of operational losses.

When fitting the proposed model, we find that spillover CARs are best described by a Laplace
distribution among the considered continuous distributions, which holds for all examined event
windows and different operational loss size thresholds. Simulating spillover effects dependent on
event and firm characteristics based on the previous findings for an average non-announcing
insurer, we find that the contagion effect seems to dominate the competitive effect on average,
with considerable consequences for the respective risk measures value at risk and tail value at
risk, with the latter amounting to about 16% of the non-announcing firm’s market capitalization.

Overall, our results emphasize that spillover effects can represent a considerable risk for individ-
ual firms, especially for several relevant announcing firms and further depending on the respec-
tive network structure (i.e., the influencing factors of spillover effects). Spillover effects should
thus be taken into account in risk management considerations and respective measures, such as
crisis communication strategies, should be adopted to reduce their impact. The proposed model
application can thereby help to quantitatively assess spillover risks and to conduct scenario anal-
ysis from a single firm perspective and from a portfolio perspective, which is relevant for inves-
tors holding a portfolio of financial firms or insurance companies providing insurance coverage
against such spillover effects.
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