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Abstract

The aim of this paper is to study the determinants of lapse in the German
life insurance industry. Logistic regression models are employed using data
on macro-economic indicators and company characteristics of 133 German
life insurers from 1997 to 2009. Five different product categoriescan-
sidered (endowment, annuity, term life, group, and other). The findings
indicate that the main lapse determinants are very similar across all product
categories, except that the direction of impact is reversed for the grodu
category "other" which consists almost exclusively of unit-linked busines

In particular, the interest rate and emergency fund hypotheses areugly
ported for unit-linked business, while these hypotheses do not holddor th
remaining product categories. Overall, the analysis provides an tadd+s

ing of lapse dynamics related to economic indicators and company charac-
teristics. The derived models can be used to predict lapse rates forftre dif
ent product categories considered. The results are important foairsau
company managers, regulators, and life insurance customers.

Keywords Life insurance Lapse- Logistic regression Macro-economic
indicators: Company characteristics

JEL Classification G22- G28

1. INTRODUCTION

In this paper, the determinants for lapse and surrendereilGérman life insur-
ance industry are examined. Although both terms, lapseamnérgler, refer to the
termination of an insurance contract before maturity, éhsra slight difference

(see, e.gl, Gatzert et al., 2009; Kuo etlal., 2003). Whilserefers to the termina-

tion of policies without payout to policyholdersirrenderis used in cases where

*The author is associated with the University of Ulm, Ing&twf Insurance Science,
HelmholtzstraBe 18, 89081 Ulm, Germany (dieter.kieseat@uni-ulm.de). | am grateful to
Martin Eling, Michael Kochanski, Christian Kraus, and S&len Marek for valuable suggestions
and comments.



a cash surrender value is paid out to the policyholder. Imm@ance with Kuo
et al. ), the term "lapse” refers to both surrender apsklahroughout this
paper. This is consistent with standard measures of lapsg aa they typically
include lapsed policies as well as surrendered ones.

A proper understanding of lapse dynamics is particularlganant for insurance
managers, regulators, and customers. For insurance mandge profitability
and liquidity of life insurers can be heavily influenced bgdas through acquisi-
tion cost, adverse selection, and cash surrender valuesefbhne, lapses consti-
tute a material risk for life insurance companies, whichdsge be controlled and
managed carefully. For regulators, the quantitative impadies of Solvency I
(the new risk-based capital requirements in the Europeaon)have shown that
lapse risk is among the main drivers of risk-based capiglirements for life
insurance companies. According to the results of the foguiédntitative impact
study (seé_Cﬂ)ﬂs_,LdOS), the largest component of the tegipairements for
life insurers is market risk followed by life underwritinggk. Lapse risk accounts
for half of the capital requirements in the life underwrggimodule. Regulators
should, hence, have a thorough understanding of lapse dgsanorder to define
reasonable capital standards. For customers, lapsesead# thre main indicators
to assess the product and service quality of life insuranogpanies. Companies
with above average lapse rates might offer more expensoaupts (for the same
coverage) or provide less services than competitors toukmer. Customers
should use such qualitative indicators as additional soofdnformation when
making a purchasing decision for life insurance contracts.

Lapse has been an area of intense academic interest sink@7be but empirical

studies are limited to a few countries and fact@lmcmﬁvides the first

empirical study considering a broader range of explanataryables. Previously,
the focus had mainly been on studying the so-called inteadstand emergency
fund hypotheses analyzing the influence of interest ratdsiaemployment rates
on lapse, respectively. These hypotheses conjectureaibse is driven by market
and/or product rates of return or adverse economic comdiiffor details see Sec-
tion[2]). More recent publications studying these hypakdaclude, e.g., Kuo
etal. (2 for the U.S. treville (1990) for the U.S. &whada, and Dar and
Dodds ) for the U.K. Both, the variables and their speaiions considered
to test these hypotheses vary widely. For the interest sgtethesis, market inter-
est rates (sdB_Kup_eﬂiL_Zd)O3) or internal and external foealternative assets)
rates of return (sde_Dar_and_D_bes._Jl%g) are considerederfieegency fund

hypothesis focuses primarily on unemployment (rates)ubirtg different speci-

fications. Only Outrevillel (1990) considers with transjtimcome an additional

factor accounting for economic growth. The results of theseies are not con-
sistent. While Outreville (19490) finds support for the emeyefund hypothesis
in the U.S.J_KU_O_e_t_éLL(_Z_Ojb?a) favor the interest rate hypsimé[lal’_and_[lo_dbs
(@) find evidence in favor of the emergency fund hypothesithe U.K., but

no evidence for the interest rate hypothesis. These conflicesults can proba-




bly be attributed to differences in methodology and the egpecifications of the
variables.

(@) considers economic variables as determinamitafises as well as
policyholder information on policy age since inceptioﬁ(' ) employs
logistic regression models to identify lapse drivers andl@gelop a predictive
lapse model using Korean data. Renshaw and Haberman (1986)gs the first
study taking into account product and/or policyholder eltgristics when ana-
lyzing lapse data of seven Scottish life insurers. Recenliesunclude Cerchiara
et al%%_g) studying Italian data, while Spanish data aadyaed in Milhaud
et al ). Besides these empirical studies differerdrtitecal lapse rate mod-
els have been discussed, e.g., Kolkiewicz and Tan (2006poh#hskil(2010a).
These models are used in simulation studies, but are ndiratdd to empirical
(i.e., real-world) data. So far, no study analyzed laps&énGerman life insur-
ance market which ranks sixth in the world and fourth in Eeropterms of life
insurance premiums in 2009 (M@ZMO).

The present paper extends the existing literature on lajpses] in the German
life insurance industry by analyzing a sample of 133 Gernfanrisurance com-
panies over the time period 1997 to 2009. The starting poirttie analysis is the
logistic regression model presented]EkMOOS). One efitfain goals of the
present analysis is to compare the results directly toiagistnes for other mar-
kets. This allows us to answer the question as to whethelasiounclusions hold
for one of the major European life insurance markets congpirether markets.

The logistic regression model is used to study the detemmsnef lapse and to
derive a model for predicting future lapse rates. Furtheemthis work extends
the existing approach bf Ki 5) as follows:

* The results of the analyses are discussed in the contekeadhterest rate
and emergency fund hypotheses.

 Unit-linked products are considered beyond traditioifalihsurance prod-
ucts (i.e., endowment, annuity, term life). This allows asdveal any dif-
ferences between these product categories.

» This paper covers a broad range of explanatory variableéssamot limited
to factors related to the interest rate and emergency fupdthgses. The
information available are company level data for all Gerrifninsurers.
These data do not allow to account for specific product owiddal pol-
icyholder characteristics. Instead, company charatiesiare analyzed in
addition to economic indicators. Fixed effect regressiauets are, hence,
used in addition to OLS models.

* Classification tables are used as additional measures otlngodlity be-
yond estimated errors between real and predicted lapse rate



» The estimated regression models for the different prodatetgories consid-
ered are explicitly validated to assess the predictive pa@fthese models.

The findings indicate that the main determinants of lapseemesimilar across all
product categories, except that the direction of impactversed for unit-linked
products compared to traditional life insurance produicts, (endowment, annu-
ity, and term life). In particular, the interest rate and ege@acy fund hypotheses
hold only for unit-linked business in the German market. @ksessment of the
model quality using estimated errors indicates that theli®$or the German
market are comparable to thoséﬂ(imooa, but the modalityidepends on
the concrete model specification. Furthermore, the vatidgtrocedures imply
that the estimated regression models provide reasonadadécpons for lapse rate
developments in the near term. This requires assumptigasdiag the future de-
velopment of the underlying explanatory variables. Predidapse rates, hence,
cannot be understood as precise point estimates.

This paper is structured as follows: Section 2 provides ailéek review of the
existing literature on lapse and surrender, and derivestie research questions
addressed in this work. Section 3 describes the data anddwtygy employed.
Section 4 presents the empirical findings and Section 5 adeslthis paper.

2. RELATED LITERATURE AND RESEARCH QUESTION

It is important for insurance companies to understand ldgsamics. According
to [Kuo et al. [(ZO_Q|3), lapse influences an insurer’s liquidihd profitability for
three reasons: (1) The insurer might suffer losses fronel@pslicies due to up-
front investments for acquiring new business; (2) the iesuanight face adverse
selection with respect to mortality and morbidity as custosiwith adverse health
are less likely to lapse their contract; and (3) the insunghitrbe exposed to a lig-
uidity risk when forced to pay the cash surrender value fpséa policies. The
importance of lapse is further discussed in the field of wdneand management
of embedded options in life insurance contracts. The casikeecEquitable Life
Assurance Society in the U.K. further intensified this dessan of the assess-
ment of embedded options. The decline of the company wakedeta pension
policies including guaranteed annuity options as outli ). In
the 1990s, market annuity rates dropped significantly. ypieal annuity rate fell
below the guaranteed level making that annuity option \@kifor the customer.
Therefore, insurers need to pay attention to all embeddadrsp including the
policyholder’s option to lapse a life insurance policy.

The lapse/surrender option has been studied widely in téture. It is another
implicit option contained in insurance contracts which sually not explicitly

taken into account for the pricing of life insurance contsadn recent year, the
lapse option received increased academic attention. Buc{2€03) defines the
surrender option as American-style put option that alldvesgolicyholder to sell
back the contract to the insurer at the cash surrender vadyeanalyzing the
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value of the surrender option in Italian endowment polictee author finds that
the value of the surrender option can account for up to 10%eptremium de-
pending on the penalty function used to calculate surredd@mes. Grosen and
ergensed_(;QbO) develop a dynamic model and use contiotpems analysis
to value the surrender option. Under certain market cambtithe surrender op-
tion can be quite valuable accounting for up to 50% of the remt’s fair value.
Analyzing the surrender option of French contracts, Alatzand Geman (1994)
identify surrender as systemic risk for life insurers, sittte option value accounts
for a significant percentage of the policy value. The Germgresvisory author-
ity BaFin considers exemptions from premium payment as lapkes so-called
paid-up option is included in most life insurance contra@atzert and Schmeiser
) assess the risk potential of the paid-up option. #althlly, the authors
study the resumption option (i.e., the insured can resu@ipm payments once
after exercising the paid-up option) and flexible paymeptsoa (i.e., the policy-
holder is able to stop and resume premium payments at neuftigihts in time).
The value of the pure paid-up option increases tremendeusiy the guaranteed
interest rate is reduced. It can account for more than 10%eptesent value
of expected premium payments. All of these valuation mqodedsvever, lack a

robust lapse rate model (see Kuo €tlal., 2003).

Within the current Solvency Il project, lapse risk has bedentified as one of
the main risk drivers. The Committee of European Insurance@erupational
Pensions Supervisors (CEIOPS) conducts a number of larde fsell-testing
exercises, so-called quantitative impact studies (QI&hehalf of the European
Commission. The goal is to assess the practicability, théigampns and the po-
tential impact of different alternatives considered foe tew solvency regime.
According to the results of QIS 4 (see CEIOPS, 2008, p. 173 88d193), the
lapse risk accounted for about 50% of the solvency capitplirement of the life
underwriting module which itself constitutes the secomgdat component of the
overall solvency capital requirement (QIS 4 was run betwienil and July 2008
based on financial data from 2007). The general calculappncach of the lapse
risk and the calibration used for the shock parameters reedainchanged for the
lapse risk module under QIS 5 which was conducted between#wmnd Novem-
ber 2010 (results of QIS 5 will be available in April 2011). élolvency capital
requirement for the lapse risk is calculated as maximum refetistress scenarios
which are broadly defined as follows (for details see CEIOPS02p. 155-159):
(1) long-term decrease of lapse rates by 50%; (2) long-tecrease of lapse rates
by 50%; and (3) mass lapse event of 30% of all policyholdeoda§ there is only
limited empirical justification to which extent these chesdor the stress param-
eters are appropriate.

According toLKuo_el_dl.L(ZQQfS), the root causes for lapsingehattracted aca-
demic interest for some time. Two main hypotheses are ilgast:

1. Theinterest rate hypothessssumes that savings through life insurance is
sensitive to rates of return. Kuo et al. (2b03) argue thatploblders lapse
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their policies to exploit higher interest rates and/or loweemiums in the
market when market interest rates rise. Increasing irteaéss act as op-
portunity cost for owning life insurandeDar and Dodds (1989) conjecture
a positive relationship with the internal rate of return naurance policies
and a negative relationship with rates of return on othenfirsd assets.

2. Theemergency fund hypothesienjectures that personal financial distress
forces policyholders to lapse their contracts in order teas the cash sur-

render value (see, e.g., Outreville, 1990).

As no theoretical proof or disproof for these hypothesestsexthey have been
studied empirically,Q_ulr_eMLI]é_(lQDO) studies the emeyefund hypothesis with
lapse rate data of whole-life insurance in the U.S. and Canguaresults provide
consistent evidence for the emergency fund hypothesisamibodds (1989) test
both hypotheses using endowment policies of U.K. life iessir They find evi-
dence in favor of the emergency fund hypothesis, but no fsgmit relationship
between surrenders and rate of rettlm_Kup_bLaL_d2003$iMe the compet-
ing lapse rate hypotheses for U.S. data using a cointegratialysis to address
long-term lapse dynamics. They find that the interest rdezeis economically
more significant than the unemployment rate in explainirgléipse rate dynam-
ics. In other words, the interest rate hypothesis is favoked the emergency fund
hypothesis. To conclude, the results of these studies exagnihe interest rate
and emergency fund hypotheses are inconsistent. Theseetiffes can partly be
attributed to the specific data samples studied, time pgcodered, and methods
used. Additionally, the variable specifications to testidotpotheses vary within
the existing literature. While Kuo et al. (2003) consideryomiarket interest rates
to test the interest rate hypotheiiis,_lla.r_and_ljokjds_tl989an$nternal and ex-
ternal rate of return to differentiate explicitly betwede underlying contract and
other financial assets in the market. All of these studiesidan unemployment
as a variable to assess personal financial distress, buiftesert specifications.

and Outreville (1990) use the yearly un lent rate. Dar
and Dodds@g) consider the annual rate of growth in thel lezunemploy-
ment and the level of actual unemployment relative to trenémployment as
specifications of the emergency fund variable. Both Kuo p803) and Dar and
Dodds 9) relate the emergency fund hypothesis witha@oanrecessions, but
they do not study any additional indicators. Only Outrev{ll990) considers an
additional factor beyond unemployment. The so-calledsitary income, calcu-
lated as difference between current income and expectedahamcome, is used
as a measure of economic growth. Thus, the inconsistemcths results of these
studies might be due to these differing variables.

The choice of appropriate lapse functions to model lapsesyat.g., for the use

Due to the complex surplus distribution mechanisms in tirance smoothing surplus/interest
rate volatility, the participation rate follows long-tetinterest rate trends with a certain time gap.
Furthermore, equilibrium premiums decrease with increpsiterest rates. It is more likely,
hence, that a newly acquired contract will provide the saoveiage at a lower premium.
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in internal models under Solvency Il, has been discusseedant literature. Ex-
amples for possible lapse functions can be found in Kolléeveind Tan!(2006),
Kochanski (2010a), Giovanni (2010), and the reference®iheDue to the lack
of statistical data and the wide variety of factors influegcpolicyholder’s be-
havior, most of these approaches are theoretical and rexttljilinked to real-
world data.| Kim ((2005), Cerchiara etal. (2008), and Milhatidle (2010) first
developed lapse rate models based on empirical datal. @lmmdels lapse
rates of a Korean life insurer using the logit and complemgnlog-log func-
tion, respectivel@S) considers as explanatoryatdes both economic
indicators (e.g., interest rates, unemployment ratesy@oa growth rates) and
policy characteristics (policy age since inception) anchpares the results with
the less sophisticated arctangent model. Scottish, itadiad Spanish lapse data

are analyzW@%ﬁ )(and Mil-
haud et al. 0), respectively. All analyses use gerze@llinear models to
assess relevant contract features and policyholder'sictarstics regarding lapse
behavior| Renshaw and Haberman (1986) focus their analysige@at entry, du-
ration of policy, type of policy, and company (having datanfr seven different
life insurers). The case study of Cerchiara étMOOS) shibw importance of
policy duration, calendar year, product class, and pobtjér age on lapse rates.
Milhaud et al. [(2010) find the biggest surrender risks foigies including a fis-
cality constraint, i.e., surrender charges only apply foeain part of the contract
duration? As soon as the contract has reached the point when the polésth
can surrender without penalty, the lapse risk increasedisigntly. Other relevant
risk factors include policyholder age or method of paymeat,(regular or single
premiums where regular premiums are further divided intotimlg, bi-monthly,
quarterly, half-yearly and annual installments).

So far, lapse rates have been studied empirically only tonadd extent in the
German life insurance market. Eling and Kiesendab_er_dZGhl.
(@) focus on the relationship between lapse rates arglusuparticipation
only. This paper studies empirically lapse rates in the Ge&rmarket by address-
ing the following three research questions: (1) What are th@rdeterminants
of lapse in the German life insurance market? (2) Do sigmficéferences exist
between different product categories? And (3) what is tleeligtive power of a
lapse rate model based on the as relevant identified explgnedriables? This
paper answers these questions by analyzing a broad rang¢eofminants and is
not limited to explanatory variables related to the interate and emergency fund
hypotheses. Some of the explanatory variables consideogekver, allow us to
assess the extent to which these hypotheses hold for theaBdii® insurance
market. In accordance with Dar and Dodds (1989), differates of return are
considered to evaluate the interest rate hypothesis. Regkaind risky alternative
assets are modeled separately using market interest retesscck price develop-
ments. The internal rate of return is measured using palicsédited rates. The

2This is a specific contract feature which does not hold fomsilirance markets. Surrender fees
always apply in case of lapsing before maturity in the Gertifainsurance market.
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emergency fund hypothesis is addressed using unemployraest but further
variables are used to assess economic growth: buyer coodidenl gross domes-
tic product. Contrary to Kim (2005), Cerchiara et al. (2008)i ilhaud et al.
(120_%6) who analyze company data, the present analysisctestv market data
because only limited data are available. Therefore, theaagpory variables con-
sidered are based on economic indicators and company thastcs, but cannot
take into account contract or policyholder charactesséipart from the product
category.

When discussing lapse, the existence of the secondary nfarkée insurance

needs to be mentioned. Policies are purchased by life mettieproviders, mar-
ket makers, or auctioneers, and are then optionally plateldsed funds or trusts
for life settlement securitization or kept in the buyer'srowooks (sert,
). Certain life insurance policies, which would be lapstherwise, are con-
tinued through the existence of a secondary market for sabitigs. Thus, lapse
rates and surrender profits will decrease in markets witreasing relevance of
the secondary market (sbs_Qmmm_boog). Althougsite and relevance
of the secondary market for German life insurance polices heen increasing
for some time, its importance is still limited entering atstaf stagnation (see
tO). Therefore, not taking into account the séary market for the
analysis will be of limited impact for the results.

3. DATA AND METHODOLOGY
3.1 Data
3.1.1 Lapse data

Life insurers treat lapse data highly confidential not omlyhe German market.
Lapse information are therefore publicly available onhatiimited extent. Some
information, however, needs to be reported under Germasuatiog standards.
Lapse data based on sum insured and premiums are availatéaldousiness but
not split by product category. Data on number of contracigdver, are available
by product category. As differences between different pobadategories are to
be investigated, these information is used for the analydeasuring lapse rates
in terms of contract numbers is commonly used in existingdamte studies,
e.g., Kuo et al.|(2003) ar Outreville (1990). Five productegmries are distin-
guished: (1) traditional endowment policies; (2) annsitiecluding disability and
long-term care insurance; (3) term life insurance inclgdife insurance policies
without surplus participation; (4) group business inchgdendowment, annuity,
and residual debt, among others; and (5) other life ins@w#osiness consisting
almost exclusively of unit-linked business. While the catégs (1)-(3) and (5)
consist of rather homogeneous products, category (4)heraeterogeneous. For
each of these product categories a further breakdown of ¢aelyychanges in
number of contracts is available. In particular, the redumcin number of con-
tracts distinguishes occurrence of event insured (e.g@thder disability), expiry




(i.e., regular end of the policy term), surrender/exempfiom premium payment,
and early lapse (i.e., without surrender value or paid-up sisured).

This research focuses on total lapse as the objective isderstand the gen-
eral dynamics of lapse in the German life insurance indifsTye corresponding
lapse rate is calculated as total number of contracts |lagis@&ted by the average
number of contracts at the beginning and end of the year,hw¢omcides with

the definition of the German supervisory authority BaFin gxéer using number
of contracts instead of sum insured.

Instead of using (aggregated) lapse rates as input fadtersanalyses are per-
formed on the underlying contract data (i.e., total numlbeoatracts and number
of lapses in each year) taking into account the differentfplio size of the life
insurers considered. As typically done in empirical resle@n insurance compa-
nies, the potential bias introduced by small companiesdibs taken into account
(see Epermanis and Harrington, 2006; Eling and Kiesenbaoad). Small con-
tract numbers are a sign of either new entrants or niche dayéich are not
directly comparable to other market participants. Thishigence, significantly
bias the results. Therefore, small companies are remoweed thhe data set. An
observation year for a company is removed if the number ofraots is less than
25,000 for endowments, less than 5,000 for annuity/teredgibup, and less than
1,000 for other business. These threshold values are thé césthe trade-off
between deleting enough observations to reduce the abomgomed bias and
keeping the data sample as large as possible. The resutts loigistic regression
model is limited sensitive to variations of the thresholtiea (the corresponding
analyses are available upon request).

3.1.2 Economic explanatory variables

The consideration of current yield, gross domestic pradaisti unemployment
rate is borrowed from& In contrary@ @)OS}athpread between
market interest rate and policy’s credited rate is not atereid as single variable.
Instead both items are considered as separate variablefidct internal and ex-
ternal rates of return (see Dar and Dodds, 1989). The cuyieldtis used as proxy
for the risk-free yield, while the credited rate is used aspifor the internal rate
of return constituting a company characteristic (see B.1Alditionally, stock

performance and buyer confidence are used as economic atgiawvariables.

All of this information is publicly available on a yearly hasince 1991. Finan-
cial market data on current yields and stock markets areetefrom the German

3In a next step, a more detailed analysis of early and lateelapa help to further increase the
accuracy of lapse predictions. Early and late lapse rateschan number of contracts are derived
in accordance with the definitions of the German superviaatkority BaFin as follows: (1) early
lapse rate is calculated as number of all lapses for whictih@ea surrender value is due nor a
paid-up sum insured is calculated as a percentage of newdssswritten and (2) late lapse rate
is calculated as number of surrenders plus exemptions fremipm payment as a percentage of
opening balance at the beginning of the calendar year.



Federal Reserve. Buyer confidence and gross domestic pradustiveyed by

the German Federal Statistical Office, while unemploymatas are published by
the Federal Employment Office. The detailed variable spatiin considered is
discussed in Sectidn 3.2.

1. Buyer confidenceBC)
Data on private spending is used as proxy to assess buyedeood, i.e.,
to measure how much money people actually spend for congumthis
can indicate economic growth and can be used as anotheaiodizeyond
unemployment rates to validate the emergency fund hypistigse Outre-
ville, ).

2. CurrentyieldCY)
The current yield is calculated as weighted average of gowrental bonds
with a maximum contractual duration of four years and anayeremain-
ing duration of three years. It represents the return offrie& investments.
Its use is discussed widely in the context of the interesthgpothesis, e.qg.,

inIDar and Dodds (1989).

3. Stock performancedAX)

A stock investment provides a risky alternative to life ireswe savings
products. The stock performance thus might provide a stagioint for
explaining the lapse behavior of policyholders, especiallcase of tradi-
tional saving and unit-linked products. Dar and Dodds (1@8®licitly dif-
ferentiate between internal and external rate of returtiseércontext of the
interest rate hypothesis, but only consider risk-freeradtive assets. This
approach is extended here to also capture risky a3SEte German stock
performance index DAX is used for the analysis since the @arhfe in-
surance market is considered. Furthermore, the DAX devabop receives
the most public attention and might, hence, constitute aryeaccessible
information for customers.

4. Gross domestic produdsDP)
The gross domestic product allows us to assess the ovevalloggnent of
the economy. Itis, hence, another indicator for econonowvgr (similar to
buyer confidence) and is used as further variable to testntieegency fund
hypothesis.

5. Unemployment ratéJR)
Information on unemployment has been studied widely in treext of the
emergency fund hypothesis, e.g.l. in Outreville (1990).

4The performance of the German bond market index REX has leesidered as further explana-
tory variable. As it is highly correlated with current yigldorrelation coefficient= 0.996), one
variable needs to be dropped to avoid multicollinearityhi@ tegression analysis.

SKochanski [(2010b) discusses possible specifications afetlagionship between lapse rates and
capital markets for unit-linked products as well as thetexisempirical evidence.
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3.1.3 Company specific explanatory variables

Company characteristics are widely used in empirical reseam (life) insurance
companies. The consideration of age, legal form, and coyngi@e is borrowed
from [Epermanis_and ngringﬂ_ob (2006) or Eling and Schmin®0 Eling and

Kiesenbauer,_(TQil) consider the participation rate spvdadh constitutes an
assessment of the internal rate of return of life insuramodyxts. Information
on distribution channels are rarely found in empiricalritere, probably due to
problems with data availability. The detailed variablesfieation considered is
discussed in Sectidn 3.2.

1. Company ageXge

A driver for the purchasing decision of insurance custonmeight be the
reputation of the company. Companies that have been in thieinfar a
long period of time have acquired reputation, since theyeh@oven their
ability to fulfill long-term contract obligations and thdinancial stability.
The foundation year of the life insurance unit is used in cdgasurance
groups to derive the companies’ age. This information castb@ined from
the companies’ websites. In cases where no specific fownrdggiar for the
life unit is available, the foundation year of the corresgiog insurance
group is used instead. For a limited number of mainly verylsmsurers,
no foundation date is available and, thus, the company ippd@ from
the analysis. The company age can be calculated straiglatfdly for all
companies, for which the foundation dates are availabtehtyears 1995
to 2009. The age factor is scaled by considering the natagarithm of
company age, as it is done for the size variable.

2. Distributional focus

German life insurers sell their policies through a varietydsstribution
channels. The tied agentA4), bank Ba) and broker Bro) channels are
predominantly used, while the share of the dird2i) (channel is steadily
increasing. Additionally, life insurance contracts arelgbrough branches
(Bra) and pyramid sales organizatién®9. Unfortunately, data regarding
the distribution mix of German life insurers are not readisilable. A va-
riety of sources is used including company press releaskaramual state-
ments to estimate the annual distribution split for newbess from 1995 to
2009. As the distribution split is only gradually changimg most insurers,
this should provide a reasonable estimate of the distobutplit for busi-
ness in force. The data include rough estimates and, for somg@anies
and years, no split is available at all. In the latter case,cibrresponding
company year is dropped from the analysis. To reflect thiewaof distri-
bution channels, the analysis is not based solely on the chainnel, which
is not clear for some players. Instead indicator variabtesuaed for each

6Distribution channel which is characterized through a Hjgeorganization. Typical is the
pyramid-like and hierarchical structure with a multi-legales organization.
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distribution channel, indicating whether this channelbactts for a substan-
tial amount of business. A distribution channel is assurdaktsignificant
if it accounts for more than 25% of new business. Thus, eachpeany
can have at most three substantial distribution channefsav@rage, each
company has about 1.3 significant distribution channels.

. Legal form Mutual)

The German insurance regulation differentiates four lggeds of insurance
companies: (a) stock corporation, (b) mutual insuranceeraiion, (c) in-

surance company under public law, and (d) subsidiary ofdarsurance
company. The corresponding information is available fromGerman su-
pervisory authority BaFin. As of the end of 2009, the Germeiisurance
market consists of 74 stock corporations, 19 mutual insagaorporations,
4 corporations under public law, and 2 subsidiaries of fprémsurance cor-
porations writing new business. Since the number of instg@ompanies
under public law and subsidiaries of foreign insurers igtioh and most
of them operate as stock corporations, an insurer is cagegbas being a
mutual or not.

. Company sizeSize

Company size is measured by the amount of gross premiumemritthe
total premium volume takes into account not only new busine#ten dur-
ing the considered year, but also premiums from existingness. It hence
allows us to control for size effects. As in other analysles size parameter
is scaled by considering the natural logarithm of gross prera written
(see Epermanis and Harrington, 2006). The corresponditagisiagain de-
rived from publications under local accounting standans ia available
for all companies with business operations from 1995 to 2009

. Participation rate sprea8 pread

The surplus participation mechanism in Germany is comper,(e.qg., El-
ing and Kiesenbaue[L_Zdll) and applies mainly to savingymtsdi.e., en-
dowments and annuities. The yearly declaration of the @pdiion rate
takes into account the entire business operation and esgsea measure
for the internal rate of return (on the saving component efghemium).
In accordance with Dar and Dodds (1989), the participatide is, hence,
used to test the interest rate hypothesis (see Sdctiont#)afinouncement
of the patrticipation rates is covered extensively in thesprand media, at
least for all large and medium-sized players. This inforamais thus avail-
able to customers and other stakeholders. The participadite for each
year is declared at the end of the previous year. Most corapaniake
their announcements through press releases or in theirahstatement.
Comparisons of the participation rates are readily avaléd the largest
insurers by third-party providers from 1996 to 2009. Thedipgration rate
can differ by tariff generations and products. For the saksimplicity
and to have only one value for each year and company, onlititiaal en-
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dowment products are taken into account using the ariticnas®rage of
all tariff generations. This is a reasonable simplificatamce, in practice,
most companies do have the same surplus participationlftardt gener-

ations and product categories. The absolute value of theipation rate
has only a limited meaning for the comparison of life insardnstead the
participation rate spread is calculated as the partiopatate of the con-
sidered company minus arithmetic average participatite ehall market
participants for which the information is available.

3.2 Methodology

The present analysis investigates the influence of econanticompany specific
explanatory variables on the lapse behavior of Germanrgeanance policyhold-
ers. Lapsing an insurance contract is a binary event, asteacors either lapsed
or continued (and maybe lapsed in a later time per@ I@ discusses two
possible functions to model lapse rates in this context,ahatie logit function
and the complementary log-log function. Additionally, twaethor compares the
corresponding models with the arctangent model. The aesisisow that the dif-
ferences between the logit and complementary log-log fandre limited, but
both being significantly better than the arctangent modéle latter models the
lapse rate as function of the interest rate only, i.e., onky explanatory variable
and three additional model parameters are consideredefinerit is not surpris-
ing that such a model performs worse than the other modeilsgtathto account
several explanatory variables. As the aim of this study iglémtify determi-
nants for the lapse behavior in the German life insurancesing, this modeling
approach is not considered further. The present analysisés on the logit func-
tion using the corresponding logistic regression modele odel based on the
complementary log-log function is analyzed to determire ribbustness of the
logistic regression model. The results are consistent|Miith (@) as the com-
plementary log-log function yields similar results as thgit function/”

According to the description of available data in Secfidll, 2l company data
depend on two factors, the company and the year of obsenyatitile economic
data only depend on the year of observation. The analysiseheonsiders the
following modeling equation for the logistic regressiondeb

Pi.t T v }
In <1_ pi,t) =B X+ (a+u),
wherei indicates the respective life insurance company (indidar firm ef-

fect) andt denotes the considered year (time effect). The tprpndenotes the
lapse probability for a contract of companyn yeart. The coefficient vector
B is determined using maximum likelihood methods. The egeohaoefficient

vector is hence asymptotically normal distributed (seeistdand Nelsor, 1984).
Statistical tests can be derived from this property thatvwallis to assess which

"Detailed results are available upon request.
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explanatory variables have a significant impact on the |apseability®

Xi t specifies the vector of considered explanatory variabldssagiven by(Et,Ci,t)T
whereE; andC;; represent the economic variables and company charaigyist
respectivelyE; consists of the component8G,BG _1,CY,CY 1, DAX,DAX 1,
GDR,GDR_l,URt,URt_l)T which are defined as follows:

BG = yearly change (in percent) of spending for private consionpn
yeart
CY = arithmetic mean of 12 monthly averages (in percent) of curyesld

from Jan. to Dec. in year

DAX = yearly change (in percent) of arithmetic mean of 13 monthAXD
closing values from Dec. in ye&r 1 to Dec. in yeat

GDR = yearly change (in percent) of gross domestic product in yyear
UR: = yearly average unemployment rate (in percent) in year

The values of the economic indicators are the same for alpemies for a given
year, i.e., varying only with yedrbut not with company. They are displayed in
Table[1 from 1996 to 2009.

The Dickey-Fuller unit root test is performed to decide \ileetthe time series
of each economic variable is stationary or not (s_e_e_DLQthléﬂ.Q_%) This test
indicates that only the time series for buyer confidenceasatary. As usually
done in this case, the time series is differenced for all stationary variables,
i.e., consideringt = Yt — Yi—1 Wherey; denotes the original time series and

denotes the differenced time series.

Considering an additional, lagged variable for all econoiméscators is due to
the fact that policyholders might only react with a certaime gap to changes in
economic conditiond. For instance, a policyholder is less likely to lapse an ex-
isting life insurance contract, if unemployment is assunadok only temporarily.
However, if the policyholder has been unemployed for a lomgziod of time,
the policyholder might be forced to cancel the contract teas the correspond-
ing funds.

8All analysis are performed using the SAS system using thegahares LOGISTIC and GENMOD
for the logistic regression model and the complemerﬁgfunction, respectively. Details
on logistic regression models with SAS can be foun is@b). As overdispersion can
be observed using the (simple) logistic regression modg|,the presence of greater variability
in the data set than would be expected under the logisti@ssgm model, Williams’ method
is applied to model overdispersion (MI@QSZ)B Tiked effects logistic regression
model is estimated by means of an OLS regression using dunamgbles, as the number of
observations (i.e., contracts) per individual life insusdarge.

9A lag of two years was also considered. This yields no majangeas in the results and hence is
not further analyzed since the consideration of any aduilitag period reduces the length of the
data set by one year.
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The vector of company characteristiCg is given by(Age,Ba t,Bra;,Brojy,
Diit, PS¢, TA ,Mutual ;, Size;, Spread:, Spreagh_1)" where

Age ¢ = company age in yedrmeasured as natural logarithm of years
since the foundation of the life insurance unit or group

Ba: )

Braj indicator variable specifying substantial distributidraanels,

Broj t __i.e., 1 if bank, branch, broker, direct, pyramid sales, and/

Dii ¢ ~ tied agent channel accounts at least for 25% of new business

PS: premiums

TA )

Mutual: = indicator variable specifying whether company is a mutual,
i.e., 1 if company is a mutual and O otherwise

Sizey = company size at the beginning of ygameasured as natural
logarithm of gross premiums written million) in yeart — 1

Spreag; = participation rate relative to arithmetic market averageer-

centage points) for year

Summary statistics of the company characteristics fron7 192009 can be found
in Table2. The rationale for using an additional, laggedalde for the participa-
tion rate spread is to test again for potential time lagseémpblicyholder response.

Considering 21 explanatory variables in total yields a ca@xphodel. A diag-
nosis for multicollinearity between the explanatory vales has been conducted
using variance inflation factors and condition-index @@h) No mul-
ticollinearity issues have been detected. In order to agsiges with overfittintf,
backward selection is applied. Explanatory variables #inatnot significant are
dropped successively until all remaining variables areiBant at a given signif-
icance level. Different significance levels have been tegténally, the 1% level
has been chosen since it reduced the number of significataratpry variables
most but worsening only slightly the model fit compared taosignificance lev-
els1l This reduces model complexity, in particular, when using tiodel for
predictions.

Depending on the specification of the intercépt+ u;) two different types of
logistic regression model are distinguished:

() Ordinary least square (OLS) modet:= 0, Vi
The OLS model does not take into account individual and tiffexts, but
treats each observation equally.

100verfitting can occur if the model contains too many pararset® be estimated compared to
the information content of the data considered (see H). This can lead to non-stable
parameter estimates. A model including too many explagyatariables will thus yield worse
predictions when applied to new data.

HResults for the other significance levels considered 5%.and 10%, are available upon request.
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(i) Fixed firm effects (FE) modelu; = ¢;, Vi, with a fixed constant; for each
companyi
The data set used covers about 70 to 80 different insuranpaiues over
a time period of 13 years. This setup of having a wide but stiata set
is typical for panel data. In this case, heterogeneity a&ctosts is often
the central focus of the analysis (Sl@é 2003). Acayd only
individual effects are taken into account in the FE modelnoutime effects.
Besides the data design, two other reasons support the msdecation of
time effects. First, the explicit use of time effects woulttmally offset the
impact of the considered explanatory variables, in pdgictne economic
ones. As these effects are to be analyzed, this effect isasitedl. Second,
the impact of some explanatory variables cannot be estinaken time
effects are included in the regression model due to mulinearity. Fixed
effects are assumed to be constant over time for each compahich
allows for arbitrary correlation between the fixed effeat #ime explanatory
variablesX; ;.

The regression analysis takes into account only complete s for a specific
company and year. The data set for compaimy yeart is complete, if lapse
data and data for all explanatory variables are availald&ing into account data
availability and the considered time lag for some contralalaes, the logistic
regression model covers 50-55% of all company years in 182009 (corre-
sponding to 801 company years for endowment, 825 for annB&§ for term
life, 688 for group, and 495 for other). That is about 70-85%he corresponding
number of contracts.

4. RESULTS
4.1 Regression results

As discussed in Sectidn 3.2, OLS and FE models are estimaitdivé product
categories: endowment, annuity, term life, group, androtheorder to reduce
model complexity, explanatory variables are dropped ssieely until all re-
maining variables are significant at the 1% significancellevénese variables
remain in the reduced model for the product category consitjevhile all other
variables are dropped, i.e., the considered model condigbthe significant ex-
planatory variables. The results of the reduced logisticagsion model are dis-
played in Tablé13 where each coefficient estimate indicategraficant explana-
tory variable in the full model (at the considered 1% levélpositive coefficient
indicates that the lapse probability increases/decresisiencreasing/decreasing
values of the corresponding explanatory variable. For tnegaegression coef-
ficients, this relationship is reversed, i.e., increaglegreasing values of the ex-
planatory variable decrease/increase the lapse prayabili

In the OLS model, only a limited number of economic indicat significant.
For endowment and group, none of the economic indicatorgyisfieant indi-
cating that for those products company characteristicsremee important than
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economic conditions. Additionally, endowment and groupibess are the two
largest subgroups with roughly 500 and 200 million consa&tspectively. There-
fore, the corresponding portfolios are more stable ovee tinan smaller portfo-
lios.

Lagged buyer confidence, current yield, and GDP are signiffoa annuities. In-
creasing values for buyer confidence and GDP increase lafes(contradicting
the emergency fund hypothesis). Although one might exgecbpposite behav-
ior, i.e., private savings increase in good economic canist a possible explana-
tion might be that in favorable economic conditions custamese accumulated
funds for larger acquisitions, e.g., to buy a house. A stert: reduced lapse rate
with increasing interest rates contradicts the interdstmgpothesis. However, a
slight increase in interest rates will not completely doffserrender charges indi-
cating that it might still not be beneficial to cancel an @rgicontract.

Similar to annuities, buyer confidence and lagged currezitiyare significant for
term life having identical signs (i.e., contradicting bditle interest rate and emer-
gency fund hypotheses). The increase in lapse rate due towepents in buyer
confidence, however, might be explained as follows. In bett®nomic condi-
tions, customers might think that they are able to cover tneesponding risk by
themselves.

Considering other business, which consists mainly of unkeld business, buyer
confidence and lagged current yield are significant as fan tiée but with oppo-
site impact (supporting the interest rate and emergenay fiypotheses). Addi-
tionally, lagged gross domestic product and lagged ungynpat rate are signif-
icant having a negative and positive impact on lapse rasggetively. This also
supports the emergency fund hypothesis, as lapse ratesadedn good economic
conditions, i.e., with increasing GDP and decreasing utheynpent rates.

The number of significant company characteristics in the @idglel is higher

for all product categories compared to the number of sigamtieconomic indica-
tors. While distributional focus is significant - in differtespecifications - for all

products, the other characteristics are significant orllgcsigely. The impact is

consistently positive or negative for most of the charasties considered.

Age is only significant for long-term savings products (emoent and annuity).
The older a company is, the smaller the lapse rates are. @$udt thus might be
interpreted as sign of stability, as older companies hawegr for a longer time
that they are able to fulfill their long-term contractualightions. Along with a

better brand awareness and reputation, this might preustbdmers from lapsing
their contracts.

The direction of impact is broadly as expected for the ddiferdistribution chan-
nels. On the one hand, a closer relationship between congrahgustomer (i.e.,
branches and tied agents) or an increased customer knavi{ddgct channel)

has a positive impact on lapse rates, i.e., resulting in idagse rates. On the
other hand, distribution channels that are mainly incérgn through commis-
sions tend to exhibit higher lapse rates.

The results regarding the legal status are mixed. While bainwitual reduces
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lapse rates for endowment, it has an adverse effect for ti&m3imilar to com-
pany age, the size of the company is negatively related gelagtes, but only for
term life and group business.

Participation rate spread is only significant for endowmamd other business.
Both results are rather unexpected. For other businessflnernice might be ex-
pected, except that the level of participation rate spreihinioe an indicator for
product quality in general. For endowment, there is a pasrelationship mean-
ing that higher participation rates increase lapses, wharftradicts the emer-
gency fund hypothesis and seems to be irrational.

The FE model allows the intercept of the regression modeaty for each com-
pany, i.e., considering one additional variable per corgpdierefore, it is not
surprising that almost all company characteristics aresigptificant. Instead the
economic explanatory variables are significantin moresesmpared to the OLS
model. For all product types, at least one specification®tttplanatory variable,
i.e., without or with time lag, is significant except for emduent.

The impact of buyer confidence, current yield, and GDP is isterst with the
results of the OLS model, as discussed above (contraditimgnterest rate and
emergency fund hypotheses for endowment, annuity, teen dihd group busi-
ness). The direction of impact is opposite for other busn@sipporting both
hypotheses). An increasing stock index leads long-termdreasing lapse rates
for unit-linked products. As customers participate onlytlygfrom this upswing,
some might decide to invest directly into the stock markedr &l other prod-
uct categories, a positive relationship between stock etar&nd lapse rates can
only be observed for annuities in the short-term. Long-teanmuity, term life,
and group business even exhibit decreasing lapse ratestivbestock index in-
creases. The emergency fund hypothesis holds only shrantfte term life and
group business but only with respect to unemployment raisse rates increase
with increasing unemployment rates. Long-term, this éffeaeversed. This
contradicts the emergency fund hypothesis. For other basithis effect is com-
pletely reversed, as lapse rates first decrease beforentiease again.

Overall, the interest rate and emergency fund hypothese®tbold for tradi-

tional, i.e., not unit-linked, life insurance products ietGerman market. Both
hypotheses, however, are supported when other businegseeging almost ex-
clusively unit-linked products is considered. These issaie rather surprising in
the beginning, but might be explained with some of the uryiteglproduct differ-

ences. Unit-linked life insurance products became moreipopn the German
market in the late 1990s. These products might have beehgsed especially by
younger customers (being more willing to take risks) in tegibning. Nowadays
unit-linked products replace traditional products mord erore. Therefore, the
portfolio of unit-linked business is still much smaller amight have a different
customer composition. Additionally, the surrender valaes calculated differ-
ently. For unit-linked products, it strongly depends onvhkie of the underlying
investment funds and is more volatile. Traditional produebrk like a kind of
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savings account where interest is accrued over time with éhrtess volatile in-
terest rate.

If we assume that increasing interest rates are related tgpaard trend at the
stock markets (maybe with a certain time lag), increasipgdarates for unit-
linked products might indicate profit-taking from customand shifting it into
less risky assets providing a higher yield than previouhis might be a possi-
ble explanation why the interest hypothesis does hold farlurked products. In
contrast, the accrued interest for traditional productsaised on the investment
result of the life insurer. As the investment portfolio cwits mainly of bonds, the
resulting investment yield will be close to the intereseriavel in the market such
that the above described arbitrage is not possible. Additig, the portfolio is
much larger such that the corresponding effects might benrhacder to observe
compared to a rather young and small portfolio.

As discussed above unit-linked products have broadly becawvailable only in
recent years and might generally be purchased by youngesroess. Younger
people usually have less savings. Hence, if they lose tbbirthey are more
likely to be forced to access life insurance savings. Thightexplain why we
find support for the emergency fund hypothesis for unitéalproducts, but not
for traditional products. Another relevant aspect is thesgion as to which extent
the general unemployment rate is a good proxy for unemploynmethe group
of people possessing life insurance contracts. Maybe ibisti@r proxy for unit-
linked products than for traditional products which mighaen be related to the
average age of the customers.

The differences discussed above are quite interesting dibcussion, however,
can only provide a first contribution for a further investiga of this differences.
In order to explore these differences in more detail, cattirformation are re-
quired. In particular, information on the age of the policider and the type of
products would be necessary.

4.2 Assessment of model quality

This section focuses on the comparison of real and predlagsk rates in or-
der to assess the goodness of fit of the regression modelse &kist statistical
tests to assess the global goodness of fit for logistic regmesnodels. According
to Browne and Cudet 92), however, if the sample size iscaffly large
in practical investigations, it can be expected that evedetsoapproximating the
data closely will be rejected. Therefore, these tests dimitéd use in the present
analysis covering hundreds of company years and milliomssofrance contracts.
Model fit statistics, e.g., Akaike information or Schwart#erion, as discussed
in [Kim (@), have been analyzed in the fitting process. DuBfferences in the
data sets, the concrete values provide only limited infoionabut are available
upon request. The measures used to assess goodness of {i) astimated errors
between predicted and real lapse rates, and (2) classificatibles for prediction
accuracy.
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The consideration of estimated errors is taken froml moallowing for a
direct comparison of the results. The root mean square @RISE) is calcu-

lated as
n

1 .
7 k;()’k —%)? .

while mean absolute percentage error (MAPE) is calculated a

1 i Yk — k|
n& Y

whereyy denotes thé&-th real value )y denotes thé-th predicted value, and

is the sample size (s@id‘?:).‘l’he results for RMSE and MAPE are dis-
played in Tablé¥ covering OLS and FE models for all produtegaries. Both
RMSE and MAPE are significantly lower for the FE model. MAPEwad above
30% for the OLS model indicate that a single model for all camps is not appro-
priate. Although lapse rates are rather stable over timenfuzst companies, lapse
rates are at different levels at least for some companiesioQdly, the consid-

ered explanatory variables capture this difference ingawmely to a limited extent.

The analysis MMS) is based on monthly data from a Korasurer cov-
ering September 1997 to December 2001, i.e., 52 months. rDiceigt categories
considered include endowment, annuity, protection plad,education plan. The
corresponding results for RMSE and MAPE are included for canispn in Ta-
ble[4. The results of the FE model are consistent mmoahe MAPE
values are around 10-20% in both cases. The RMSE values drertiay the FE
model. This can, however, be explained for endowments amgies through the
larger data set covering more than 800 company yEaThis rationale does not
completely explain the large difference in case of ternipifetection. The lapse
rate level for term life is 5.5-6.0%, about three to four tgleat of the protection
plan considered im& which is around 1.5%. This rhigé explained
by major differences in the underlying products, i.e., Gamrterm life insurance
might not be directly comparable to Korean protection plaBsmpared to the
other products, RMSE and MAPE are much higher for group aner atisurance.
This can be credited to several effects which are not cagtioyethe considered
logistic regression models. This includes, e.g., outledugs for single companies
and years, lapse rates below 1% (significantly increasing®®y and the pres-
ence of time trends in young portfolios (in particular fohet business). Hence,
the models for group and other business are of limited usknasas the above
mentioned obstacles are not addressed. This would requiteef information
that is in general not publicly available and, thus, is neéstigated further.

2Fyrther specifications of estimated errors have been ceresid The results are available upon
request.

B3Assuming constant errors between real and predicted vailue®asing the sample size by a
factor of 16 increases the RMSE by a factorG6 = 4.
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Classification tables of lapse and non-lapse events are hes pteasure con-
sidered to assess model quality (see Hosmer and Lemesh6@). ZDonsidering
portfolios of identical contracts for each company and y#e usual cut-point
dependent approach is slightly modified making the conataer of cut-points
unnecessary. Based on the estimated regression model,ietgadddpse proba-
bility is derived for each company and year. Using this plolitg, the predicted
number of lapses and non-lapses can be calculated for eaghacy and year
based on the number of policies in force. These predictegegatan be com-
pared to the real, observed (non-)lapses. A2frequency table is obtained by
cross-classifying the observed and predicted responsesclissification table is
displayed for endowments in Talile 5. Endowments constititie largest prod-
uct category (accounting for about 40% of all policies inrce®m 2009) are used
as an example to explain the corresponding methodology eyndHaracteristics.
The results for all other product categories can be foundibielA.].

For endowments (Tablé 5), out of 18.7 million contracts,chthave actually been
lapsed, 15.7 million contracts are correctly predictecpse with the OLS model,
while 3.0 million contracts are wrongly predicted as notigelapsed. From the
contracts not being lapsed, 489.3 million are predictedextlly and 2.0 million
are predicted incorrectly.

The accuracy of the classification is measured by its seitgiti.e., the ability
to predict a lapse event correctly (calculated as ratio ofilmer of correctly pre-
dicted lapses over total number of predicted lapses), asdfgpty, i.e., the ability
to predict non-lapses correctly calculated corresporginghree other condi-
tional probabilities are usually considered: (1) the fadesitive rate, (2) the false
negative rate, and (3) the rate of correct classificatiome félse positive rate is
the proportion of predicted lapse responses that were wdx$es non-lapses. The
false negative rate is the proportion of predicted nondapsponses that were ob-
served as events. The rate of correct classifications islesdtl as number of cor-
rect predictions over total number of contracts considefée resulting ratios for
endowments are also displayed in TdBle 5. The results aer et the FE model
for all product categories. In particular, the indicataating to lapse events, i.e.,
sensitivity and false positives rate, are above 90% andib@@%, respectively,
for all products except group business. These results sufioconclusion that
the model accuracy for the group business is limited (seeegbd he results for
other business, however, are in line with the other prodatdgories indicating
that the model quality might be comparable to the other prtsdu

Positive/negative likelihood ratios can be calculatecdam sensitivity and speci-
ficity. The positive likelihood ratio is calculated aensitivity (1 — specificity),
while the negative likelihood ratio is given f{t — sensitivity /specificity This
allows us to assess the predictive quality of the model. llliked ratios above 10
(positive) and below 0.1 (negative) are considered to pegtrong evidence to

rule in or rule out a lapse event, respectively (see DeeksAdtntan, 2004). The
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positive likelihood ratio is for all models much larger thaéd, while the negative
likelihood ratio is less than 0.15 for all models except grothis is an indication
for good predictive power.

4.3 Model validation

Using the same data set for fitting a regression model anédsiegethe model
uality introduces a bias by overestimating the model q;a@iel.,
). In order to address and quantify this bias, the moeledis to be validated.
This is done by splitting the data set into two subsets. Thedite is used to fit the
regression model, while the second data set is used to demeealictions for the
lapse rates. These results are then compared to the reakvalwo approaches
are considered which differ in the splitting procedure. Vakdation procedures
considered here belong to the data-splitting and crosdatadin methods. These
are internal validation procedures since the validatiopeidormed on the same
data set which is used for model estimation instead of a agpdata set (which
is not available). Further validation approaches can beddn [Harrell )
including external validation and bootstrapping.

Method | uses all data up to a certain year to fit the logisticession models. The
model choice remains unchanged, i.e., the model speaificetibased on the full
data set, in order to ensure comparability of the resultg. cdiresponding model
is then used to predict the lapse events/rates for the foltpwyear only. As the
data set considered covers 1997 to 2009, an iterative apiplicof this procedure
would allow us to generate predictions for the years 19980@92 The present
analysis, however, considers predictions only for 20020092as the underlying
data set for fitting the regression model requires a certetgnéin order to gen-
erate reliable predictions. Using five years of observati@presents around 40%
of the total data set and, in particular, includes informratn the financial crisis
starting in 2001, which increases the robustness of the inode

Method Il removes all data from the data set that corresporitiéd observation
year to be predicted. The remaining data set of 12 obsenvgéars is used to fit
the regression models. The corresponding models are uskstit@ predictions
for the missing year. Since this approach uses the infoom&tom all other years,
robust predictions are available for all years from 1997G02

The model quality of both validation approaches is measusatg estimated er-
rors and classification tables. Endowments are again usexiaasple to discuss
the methodology and corresponding results (see Tables B)anthe results for

all other products can be found in TableslA.2 and A.3. Whilectstenated errors
for the OLS model remain almost unchanged, the values fdeh@odel increase
considerably. The MAPE increases 30-50% for method | and®®-for method

II. Not surprisingly the increase is smaller for method lathfor method I, as
method Il is based on information for all other years to preldipse rates of one
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year, while method I only uses information prior to the cdesed prediction year.

The classification table for endowments is displayed in 8&bl The results for
both methods | and Il are largely consistent for the OLS andriedels. Only
the false positive rate is three percentage points highethi® FE model using
method I. Regarding the other product categories, the eefultmethod Il are
only slightly worse than the OLS and FE models based on thelmiedata set.
For method I, this conclusion only holds for the OLS modeld &r the annu-
ity and term life FE model. The FE models for group and othesiress exhibit
large deviations, which can be attributed to the highertilitiain early prediction

years.

Overall, these validation procedures indicate that theehgdality increases with
the extent of the data set used to fit the regression modeltheAadicators mea-
suring the model quality decrease only slightly, in patacdor method II, the
regression models based on the full data set should prosa®nable predictions
for future lapse rates.

5. CONCLUSIONS

The present research analyzes determinants of lapse behatlie German life
insurance market from 1997 to 2009. Both macro-economicaidrs, e.g., cur-
rent yield or unemployment rate, and company charactesistcluding legal form
and company size, among others, are considered, but nogtradd/or policy-
holder information. Logistic regression models with anthwut consideration of
firm effects have been employed to analyze the availableacdata.

Three research questions have been considered in this: péljemain deter-
minants of lapse in the German life insurance market; (Fedihces between
product categories; and (3) predictive power of the resgltapse rate models.
Based on this analyses, the following answers are deriverst, Fiuyer confi-
dence, current yield, and GDP development are the econaticators most rel-
evant, while distributional focus, company age, and pigditon rate spread are
identified as the most relevant company characteristicpatticular, the interest
rate and emergency fund hypotheses do not hold for traditiore., not unit-
linked, life insurance products. Both hypotheses, howemer,supported when
other business (representing almost exclusively unielthproducts) is consid-
ered. Second, there are only minor differences betweensndat, annuity, term
life, and group business regarding significant explanatariables. Additionally,
the impact on the lapse rate is consistently positive or thag#or all economic
variables and most company characteristics. Endowmemidasshas the least
significant variables, which can probably be credited toféfue that this product
category contains by far the most policies, which reducéatiity. The results
regarding significant variables are similar for other bassirepresenting mostly
unit-linked products. The impact, however, is oppositenimst explanatory vari-
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ables, in particular the economic ones. Third, the preaicticcuracy, which is
assessed through estimated errors and classificatiors tiblesal and predicted
lapse rates, is reasonable for endowment, annuity, andlterntout limited for
group and other business.

The estimated logistic regression models using firm effeztsbe used to provide
reasonable predictions for future lapse rates of speciicpamies. The corre-
sponding predictions should not be viewed as point esten&ather they should
be used as indications for the lapse rate development basedderlying eco-
nomic assumptions.

Furthermore, the presented models might provide evidemcthé final calibra-
tion of the lapse risk within the new European solvency reg(®olvency II). It
can help to provide an empirical justification for the coeset! scenarios to derive
the capital requirements in the lapse risk module (see @€2i), at least for Ger-
man life insurance products. The considered logistic s=go® model can help
to identify adverse economic conditions which can be usestrass scenarios.
Based on the significant explanatory variables and theirficeeft estimates for
each product category, the lapse rates before and aftepéegfied shock can be
calculated. The lapse rate increase might then be condidsra reasonable stress
parameter.

The analysis presented here can be extended in variougicive@nd serve as
basis for future research. First, the consideration of pco@nd policyholder
characteristics (e.g., policy age, policyholder age/s@ght yield further insights
into lapse behavior and dynamics. This requires, howeetajléd policy data on
lapses. Second, lapse rates are usually calculated onipreand sum insured
data in the German life insurance market. Therefore, it toghmore relevant
to use corresponding data for lapse rate modeling. Thisinegjuthowever, that
the corresponding data would be available by product cagegiod not only for
total business without any further breakdown. Third, tretidction between early
and late lapses might further improve the accuracy of a ptigdimodel based on
logistic regressions. Fourth, the considered logisticeggjon model could be ap-
plied to other insurance markets using similar explanatanables. This would
allow us to address the question as to whether consistantsese derived for
other insurance markets.

A. ADDITIONAL RESULTS FOR FURTHER PRODUCT CATEGORIES

The classification tables for all non-endowment produces, annuity, term life,
group, and other are displayed in Talles|A. 11A.3. Tablé Adws the classifica-
tion tables of the models based on the complete data set tidlresults of the
validation methods | and Il are displayed in Takilles|A.2[an8, Aespectively.
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Table 1

Values of macroeconomic indicators in 1996-2009 (in %)

1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 20078 2P009
BC 26 22 18 30 32 39 03 14 16 18 27 15 23 -01
CcY 56 51 44 43 52 47 46 38 37 32 37 42 40 30
DAX 20.6 434 358 7.3 313 -194 -261 -241 252 173 26.7 2615.9- -20.5
GDP 10 18 20 20 32 1.2 00 -02 12 08 32 25 1.3 -49
UL 104 114 111 105 96 94 98 105 105 117 108 9.0 7.8 8.2

Table 2
Summary statistics for company characteristics 1997-2009
1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 20089 200

Age (measured as natural logarithm of years since foundation)
Minimum 0.00 069 0.00 000 0.69 000 0.00 000 0.69 0.00 0.@69 1.10
Maximum 536 537 537 538 538 538 539 539 540 540 545141 542
Avarage 363 370 362 365 370 372 373 371 377 378 3359 3.83
Median 425 427 395 397 399 401 403 400 4.02 4.03 4.0D3 44.05
Standarddev. 1.26 1.17 126 124 114 113 113 1.12 1045 1007 1.01 0.97
Distributional focus (1 indicating that corresponding distribution channelibstantial, 0 otherwise)
Bank 21 23 22 26 26 28 28 25 26 26 25 25 23
Branch 1 1 1 1 1 2 2 3 3 2 2 2 2
Broker 31 35 36 36 36 36 36 34 38 39 38 38 40
Direct 19 20 20 20 20 16 16 15 17 15 14 14 14
Pyramid sales 4 4 4 4 5 5 5 5 5 5 5 5 5
Tied agent 76 78 74 72 69 64 58 52 49 45 44 43 41
Mutual (1 indicating that company is mutual, O otherwise)
0 71 72 72 71 72 63 62 62 61 58 58 57 54
1 20 19 19 19 19 19 19 18 18 17 17 17 17
Size(measured as natural logarithm of gross premium writtet€[million])
Minimum 0.34 0.13 030 059 062 064 107 154 129 166 13925 1.53
Maximum 8.75 889 9.01 904 9.02 917 922 924 935 941 94344 955
Avarage 486 4.85 494 493 494 509 521 532 537 546 5885 554
Median 5.07 505 513 501 505 518 529 546 538 553 5.480 55.38
Standarddev. 1.80 1.82 182 184 185 1.82 175 1.69 1699 1869 1.72 170
(Participation rate) Spread (in percentage points)
Minimum -0.76 -0.74 -1.64 -1.06 -1.60 -1.53 -1.16 -1.08 9.60.68 -0.79 -0.68 -0.73
Maximum 0.74 076 086 074 135 217 165 167 1.16 114 1.0374 0.62
Median -0.01 0.01 0.06 -0.06 0.00 -0.03 -0.11 -0.08 -0.040%0.0.00 -0.01 0.02
Standarddev. 0.32 0.31 038 0.34 051 063 050 049 0377 033 0.29 0.28

Note: Data availability is limited for some variables, in partiguparticipation rate spread and distributional focus

are not available for the entire market but for all large arediimm-sized players.
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Table 3

Results of the reduced logistic regression models

OLS model FE model
Endow- Annu- Term Endow- Annu- Term
Explanatory variable ment ity life Group Other ment ity life Group Other
Buyer con- Nolag 0.06 -0.16 0.06 0.06 0.10 -0.20
fidence Lag 1 0.09 0.08 0.04
Current No lag -0.14 -0.05 -0.38 -0.35 -0.59
yield Lag 1 -0.15 0.35 -0.12 0.24
Economic GDP No lag 0.05 0.02 0.09 0.10 0.19
indicators Lag 1 -0.06 0.06 0.13 0.24 -0.15
Stock per- No lag 0.17
formance Lagl -0.50 -0.74 -1.47 0.64
Unemploy- No lag 0.07 0.13 -0.07
ment rate Lag 1 0.25 -0.08 -0.07 -0.12 0.20
Age -0.15 -0.10 -0.18 1.44
Bank 0.20 -0.21 -0.15 0.30
. Broker 0.46 -0.16
Distribu- pranch 0.74 0.55
Company ]Efcnui! Direct ~ -0.89 -1.06 -1.00
character- Pyramid 0.37 0.27
istics Tied ag. -0.22 -0.14 0.11 -0.18
Mutual -0.32 0.16
Size -0.05 -0.12
No lag 0.13 -0.08
Spread | 01 -0.19 0.22

Note: Estimates indicate significant explanatory variables atlt% level for the regression model including all explanat@riables.
These variables have then been used to estimate the redawggistitlregression models. Positive parameter estimatisate a positive
relationship with the lapse probability (i.e., increasuadues of the variable increase the lapse probability acdedesing values decrease
the lapse probability). Negative parameter estimatesaidia negative relationship with the lapse probabiligy (increasing values of
the variable decrease the lapse probability and decresalogs increase the lapse probability).



Table 4

Comparison of estimated errors

OLS model FE model Kim (2005)

RMSE MAPE RMSE MAPE RMSE MAPE
Endowment 0.0215 34.8% 0.0083 9.7% 0.0033 19.3%
Annuity 0.0232 67.5% 0.0101 16.8% 0.0021 19.0%
Term life/ 0.0272 47.1% 0.0112 15.3% 0.0007 8.9%
Protection
Group 0.0484 464.9% 0.0343 54.2% N/A
Other 0.0322 91.9% 0.0185 62.5% N/A
Education N/A N/A 0.0009 6.0%

Note: Estimated errors between real and predicted lapse ratesdlmam OLS
and FE model) and comparison with resultﬁkooa.

Table 5
Classification table and deduced model accuracy indicatorf®r endowment
business
Predicted - OLS Predicted - FE
Endowment Lapse No lapse Lapse No lapse
Real Lapse 15,727,477 2,032,834 16,951,662 808,649
Nolapse 2,975,615 489,252,849 734,157 491,494,307
Correct 99.0% 99.7%
Sensitivity 88.6% 95.4%
Specificity 99.4% 99.9%
False POS 15.9% 4.2%
False NEG 0.4% 0.2%
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Table 6
Estimated errors for validation method | and Il

OLS - MAPE FE - MAPE
Panel A - Method |
Endowment 36.8% (+6%) 12.9% (+33%)
Annuity 58.0% (-14%) 24.1% (+44%)
Term life/ 53.2% (+13%) 22.6% (+47%)
Protection
Group 418.7% (-10%) 96.3% (+78%)
Other 79.3% (-14%) 90.4% (+45%)
Panel B - Method Il
Endowment 34.9% (+1%) 11.0% (+13%)
Annuity 67.8% 0%) 21.0% (+25%)
Term life/ 48.0%  (+2%) 18.9% (+23%)
Protection
Group 464.4% £0%) 62.2% (+15%)
Other 98.8% (+8%) 79.3% (+27%)

Note: Estimated MAPE error between real and predicted lapse
rates for OLS and FE models based on validation procedures |

and Il.
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Table 7

Classification table for validation method | and Il

Predicted - OLS

Predicted - FE

Endowment Lapse No lapse

Lapse No lapse

Panel A - Method |
Lapse 9,272,152 1,066,269

9,691,200 469,606

Real \olapse 1979443 288,328,187 754,718 284,729,270
Correct 99.0%+0.0ppt) 99.6% (-0.1ppt)
Sensitivity 89.7% (+1.1ppt) 95.4% (-0.1ppt)
Specificity 99.3% (-0.1ppt) 99.7% (-0.1ppt)
False POS 17.6% (+1.7ppt) 7.2% (+3.1ppt)
False NEG 0.4%+0.0ppt) 0.2% £-0.0ppt)

Panel B - Method Il
Real Lapse 15,725,182 2,035,129
No lapse 2,999,912 489,228,552

16,754,294 938,570
805,072 489,731,773

Correct 99.0%+0.0ppt)
Sensitivity 88.5% £-0.0ppt)

Specificity 99.4% £-0.0ppt)
False POS 16.0% (+0.1ppt)
False NEG 0.4%+0.0ppt)

99.7%40.0ppt)
94.7% (-0.8ppt)
99.8% 40.0ppt)
4.6% (+0.4ppt)
0.2% £0.0ppt)

Note: These are the classification tables for endowments onlggalath the
deduced model accuracy indicators for OLS and FE modelgsiasgalidation

procedures | and II.
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Table A.1

Classification table for non-endowment business

Predicted - OLS

Predicted - FE

Lapse No lapse Lapse No lapse

Panel A - Annuity

Real Lapse 6,343,891 1,130,251 6,905,838 568,304
No lapse 1,415,425 140,273,052 361,272 141,327,205

Correct 98.3% 99.4%

Sensitivity 84.9% 92.4%

Specificity 99.0% 99.7%

False POS 18.2% 5.0%

False NEG 0.8% 0.4%

Panel B - Term life

Real Lapse 3,065,138 436,920 3,202,015 300,043
No lapse 594,905 72,189,183 274,812 72,509,276

Correct 98.6% 99.2%

Sensitivity 87.5% 91.4%

Specificity 99.2% 99.6%

False POS 16.3% 7.9%

False NEG 0.6% 0.4%

Panel C - Group

Real Lapse 3,751,388 917,038 3,984,890 683,536
No lapse 1,492,737 187,672,248 613,479 188,551,505

Correct 98.8% 99.3%

Sensitivity 80.4% 85.4%

Specificity 99.2% 99.7%

False POS 28.5% 13.3%

False NEG 0.5% 0.4%

Panel D - Other

Real Lapse 4,019,010 478,714 4,230,417 267,307
No lapse 700,834 66,866,456 242,605 67,324,685

Correct 98.4% 99.3%

Sensitivity 89.4% 94.1%

Specificity 99.0% 99.6%

False POS 14.8% 5.4%

False NEG 0.7% 0.4%

Note: These are the classification tables along with the deduce@haccuracy
indicators for annuity, term life, group, and other bus;e$hese results are

based on the complete data set.
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Table A.2

Classification table for validation method |

Predicted - OLS

Predicted - FE

Lapse No lapse Lapse No lapse
Panel A - Annuity
Real Lapse 5,300,291 797,432 5,467,278 537,243
No lapse 1,484,405 116,022,488 560,025 115,185,543
Correct 98.2% (-0.1ppt) 99.1% (-0.3ppt)
Sensitivity 86.9% (+2.0ppt) 91.1% (-1.3ppt)
Specificity 98.7% (-0.3ppt) 99.5% (-0.2ppt)
False POS 21.9% (+3.6ppt) 9.3% (+4.3ppt)
False NEG 0.7% (-0.1ppt) 0.5% (+0.1ppt)
Panel B - Term life
Real Lapse 2,109,916 360,825 1,988,503 436,397
No lapse 428,112 51,740,749 171,042 51,385,151
Correct 98.6% (-0.1ppt) 98.9% (-0.4ppt)
Sensitivity 85.4% (-2.1ppt) 82.0% (-9.4ppt)
Specificity 99.2% £0.0ppt) 99.7%+0.0ppt)
False POS 16.9% (+0.6ppt) 7.9%@.0ppt)
False NEG 0.7% (+0.1ppt) 0.8% (+0.4ppt)
Panel C - Group
Real Lapse 2,538,703 633,233 2,462,379 663,677
No lapse 1,106,609 121,394,979 1,727,687 119,305,755

Correct 98.6% (-0.1ppt) 98.1% (-1.3ppt)

Sensitivity 80.0% (-0.3ppt) 78.8% (-6.6ppt)

Specificity 99.1% (-0.1ppt) 98.6% (-1.1ppt)

False POS 30.4% (+1.9ppt) 41.2% (+27.9ppt)

False NEG 0.5%+0.0ppt) 0.6% (+0.2ppt)

Panel D - Other

Real Lapse 3,318,368 631,351 3,396,164 420,750
No lapse 715,305 57,630,044 2,509,741 53,917,055

Correct 97.8% (-0.5ppt) 95.1% (-4.2ppt)

Sensitivity 84.0% (-5.3ppt) 89.0% (-5.1ppt)

Specificity 98.8% (-0.2ppt) 95.6% (-4.1ppt)

False POS 17.7% (+2.9ppt) 42.5% (+37.1ppt)

False NEG 1.1% (+0.4ppt) 0.8% (+0.4ppt)

Note: These are the classification tables along with the deducel@iaocuracy
indicators for annuity, term life, group, and other bus;e$hese results are

based on validation procedure I.
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Table A.3

Classification table for validation method I

Predicted - OLS

Predicted - FE

Lapse No lapse Lapse No lapse
Panel A - Annuity
Real Lapse 6,344,210 1,129,932 6,850,404 591,489
No lapse 1,470,247 140,218,230 528,447 140,658,342
Correct 98.3%+0.0ppt) 99.2% (-0.1ppt)
Sensitivity 84.9% £-0.0ppt) 92.1% (-0.3ppt)
Specificity 99.0% £0.0ppt) 99.6% (-0.1ppt)
False POS 18.8% (+0.6ppt) 7.2% (+2.2ppt)
False NEG 0.8%+0.0ppt) 0.4% £0.0ppt)
Panel B - Term life
Real Lapse 3,055,452 446,606 3,164,282 324,970
No lapse 606,781 72,177,307 358,635 72,269,268
Correct 98.6%+0.0ppt) 99.1% (-0.1ppt)
Sensitivity 87.2% (-0.3ppt) 90.7% (-0.7ppt)
Specificity 99.2% £0.0ppt) 99.5% (-0.1ppt)
False POS 16.6% (+0.3ppt) 10.2% (+2.3ppt)
False NEG 0.6%=0.0ppt) 0.4% £0.0ppt)
Panel C - Group
Real Lapse 3,738,309 930,117 3,897,724 757,212
No lapse 1,510,374 187,654,611 741,209 187,981,176

Correct 98.7%+0.0ppt) 99.2% (-0.1ppt)

Sensitivity 80.1% (-0.3ppt) 83.7% (-1.6ppt)

Specificity 99.2% £-0.0ppt) 99.6% (-0.1ppt)

False POS 28.8% (+0.3ppt) 16.0% (+2.6ppt)

False NEG 0.5%+0.0ppt) 0.4% £0.0ppt)

Panel D - Other

Real Lapse 3,956,936 540,788 3,971,209 460,311
No lapse 792,042 66,775,248 306,866 66,440,264

Correct 98.2% (-0.2ppt) 98.99% (-0.4ppt)

Sensitivity 88.0% (-1.4ppt) 89.6% (-4.4ppt)

Specificity 98.8% (-0.1ppt) 99.5% (-0.1ppt)

False POS 16.7% (+1.8ppt) 7.2% (+1.7ppt)

False NEG 0.8% (+0.1ppt) 0.7% (+0.3ppt)

Note: These are the classification tables along with the deducel@iaocuracy
indicators for annuity, term life, group, and other bus;e$hese results are

based on validation procedure Il.
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