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Abstract

We draw on part-worth utility profiles of 2,017 persons obtained by means of a choice-based
conjoint (CBC) analysis and a subsequent hierarchical Bayes (HB) estimation as basis for a benefit
segmentation of the German term life insurance market. In order to do so, a well-diversified ensemble
comprising a wide variety of hierarchical and partitioning cluster solutions based on different linkage
criterions and sensibly drawn starting points is constructed. Then, a consensus clustering algorithm
from the k-means family serves as final classification technique. Our results indicate that, in addition
to a price-sensitive segment, a large number of customers focuses both on the insurance brand and
the insurer’s underwriting policy. Moreover, there is evidence that a third segment exists, comprising
undecided consumers with preference structures in line with the average respondent from the whole
sample. Given this heterogeneity, only term life insurance providers with a sound knowledge of the
individual preference structures are likely to realize a competitive advantage resulting in an increased
market share as well as a greater revenue and profit potential.

Keywords: Benefit Segmentation · Term Life Insurance · Consensus Clustering
JEL classification: C38; C83; G22; M31

1 Introduction

One of the most important competitive advantages for companies is a profound knowledge of customer

needs. Based on such insights, both the pricing as well as design of current and future products can be

optimized. From the company’s perspective, however, dealing with each individual customer’s prefer-

ences appears to be a sheer impossible task. In order to tackle this issue, Smith (1956) proposed a new

research stream related to the marketing discipline, called market segmentation.1 The common goal of

such segmentations is to assign the market participants to groups, i.e., to extract several small submar-

kets from the market as a whole. Under a general definition, a segmentation has been successful when

each of these submarkets is relatively homogeneous, while the heterogeneity between them is as large

as possible. In other words, each submarket consists of buyers with similar values of the segmentation

variables that differ from those of the customers belonging to other segments. Finally, by drawing on

market segmentations, the development of niche products tailored to a specific group of customers is

facilitated and the individual demands can be targeted more precisely.

∗Florian Schreiber (florian.schreiber@unisg.ch) is from the Institute of Insurance Economics, University of St. Gallen.
1A review of the historical development of market segmentations in general can be found in Wedel and Kamakura (2000).
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The most challenging part in these studies, however, is the selection of appropriate segmentation vari-

ables with respect to reliable predictions of peoples’ future behavior. Yankelovich (1964), for instance,

argues that demographic characteristics such as age and income are not the best choice since a correlation

between these variables and motivations behind a purchase decision may not exist.2 Instead, he suggests

to draw on usage patterns or different buying attitudes, respectively. These thoughts have been adopted

by Haley (1968) who reasoned that a meaningful market segmentation should resort to causal factors. His

so-called benefit segmentation approach focuses on the benefits sought in buying or consuming a product

or service.3 Consequently, the resulting segments are more accurate predictors of future behavior than

the outcomes of demographic, geographic mobility (see, e.g., Andreasen, 1966), or volume segmentations

(see, e.g., Twedt, 1964), with the latter being based on usage groups.4

Up until today, benefit segmentation studies have been widely applied in research addressing various

industries such as the travel and tourism industry (see, e.g., Woodside and Jacobs, 1985; Loker and Perdue,

1992; Shoemaker, 1994; Jang et al., 2002), the restaurant industry (see, e.g., Bahn and Granzin, 1985;

Auty, 1992), food research (see, e.g., Wedel and Kistemaker, 1989; Honkanen et al., 2004), wine re-

search (see, e.g., Johnson et al., 1991; Thomas and Pickering, 2003), the health care and fitness industry

(see, e.g., Finn and Lamb Jr., 1986; John and Miaoulis, 1992; Brown, 1992), industrial products (see,

e.g., Mariorty and Reibstein, 1986; De Kluyver and Whitlark, 1986), as well as international markets

(see, e.g., ter Hofstede et al., 1999).

Despite this vast amount of literature, to the best of our knowledge, there are virtually no academic

articles dealing with benefit segmentations in the insurance industry.5 Hence, with the research paper

at hand, we would like to make an innovative contribution to the academic literature by presenting

a benefit segmentation of the term life insurance market in Germany. For this purpose, we draw on

individual-level preference profiles (part-worths) obtained from a choice-based conjoint (CBC) analysis

with hierarchical Bayes (HB) estimation, which has been carried out by Braun et al. (2014) among 2,017

German consumers. Based on this data set, we run several classification algorithms such as hierarchi-

cal and k-means clustering with different linkage criterions and starting points in order to generate a

diversified cluster ensemble. By clustering on the cluster ensemble, we are able to develop a so-called

consensus solution, which has been proven to be superior in many respects to results achieved by single

clustering techniques. Finally, we provide an in-depth economic analysis of the resulting market segments.

The remainder of this article is structured as follows. In Section 2, the main components of the CBC

analysis from Braun et al. (2014) are presented. That is, the composition of the survey sample and the

2The same results have been found by Frank (1967) in case of grocery products. In contrast to the latter, Bass et al. (1968)
find evidence that socioeconomic variables are appropriate segmentation criteria.

3Most studies employ the methodological family of conjoint analyses (see, e.g., Green and Krieger, 1991) in order to deter-
mine individual benefits associated with a product or service.

4The large potential of segmentations based on consumer’s benefits has also been shown by Myers (1976), Wind (1978),
Currim (1981), Haley (1985), and Aaker (2013).

5Research focusing on the financial services industry in general is also scarce, although a few articles exist (see, e.g., Harvey,
1990; Cermak et al., 1994; Chang and Chen, 1995; Machauer and Morgner, 2001).
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attributes constituting the term life product. Then, the underlying mathematics for the segments’ deter-

mination as well as the relative attribute importance measure are presented in Section 3. The empirical

results are discussed in Section 4, while several sensitivity analyses based on the number of segments,

the ensemble composition, and the number of respondents are contained in Section 5. Finally, Section 6

concludes the paper.

2 Choice-Based Conjoint Data

Choice-Based Conjoint Analysis in Market Segmentations

In marketing and consumer research, conjoint analyses are among the most powerful tools for studying

the preference structures of individuals (see, e.g., Green and Srinivasan, 1978, 1990). Its roots can be

traced back to the mid-sixties and the work of Luce and Tukey (1964) who introduced the concept in

mathematical psychology. Green and Rao (1971) provided the first application to the academic marketing

literature and laid the cornerstone for the ongoing success story (see, e.g., Green et al., 2001). Given its

intuitive and managerially useful results, conjoint analysis also gained a great appeal among practition-

ers (see, e.g., Cattin and Wittink, 1982; Wittink and Cattin, 1989; Wittink et al., 1994).6 Ratings and

ranking-based conjoint analyses, however, exhibit a central weakness: the products composed of attribute

levels are evaluated in a non-competitive context only. In other words, the respondent is not exposed

to a choice between fully-fledged product profiles. Therefore, Louviere and Woodworth (1983) proposed

the so-called choice-based conjoint (CBC) approach, which is characterized by a trade-off between several

products and a none-option.7 According to Huber (1997), such a trade-off mimics a real-life purchase

decision, in which the choice of a consumer depends concurrently on a product and its competitors. By

deciding upon various products in repeated choice tasks, each respondent provides information regarding

his individual preferences that is used for the estimation of his utility profiles.8 The latter is typically

achieved by means of a hierarchical Bayes (HB) model.9

Beginning in the late seventies, conjoint analyses gained enhanced interest for market segmentations.

Green and DeSarbo (1979) proposed the so-called componential segmentation and Hagerty (1985) found

that a Q-type factor analysis may be better suited than cluster analysis in terms of maximizing the

predictive power of conjoint analysis. Akaah (1988), in contrast, showed in his article that both methods

perform equally well. Kamakura (1988) draws on a least squares procedure, while DeSarbo et al. (1995)

resort to CBC part-worths in order to determine consumer segments. All of these articles rely on so-

6An overview of commercial conjoint applications focusing on Germany, Austria, and Switzerland is provided by
Sattler and Hartmann (2008).

7In their article, they integrated major aspects of discrete choice theory in the concept of conjoint analysis in order to
estimate utility functions from aggregate data and thereby laid CBC’s theoretical foundation.

8Despite its strengths, CBC is also associated with a few shortcomings: on the one hand, such an experiment remains
artificial implying the possibility of hypothetical bias (see, e.g., Cummings et al., 1995; Ding et al., 2005; Ding, 2007). On
the other hand, each decision requires a high level of attention, which may decrease in case the number of repeated choice
tasks becomes too extensive.

9Theoretical assumptions underlying the CBC approach as well as the HB estimation can be found in Braun et al. (2014).
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called two-stage segmentation methods under which the classification of respondents takes place after

the estimation of their preferences. A common critique of these approaches, however, is that potential

inaccuracies at the estimation stage are transferred to the segmentation stage and possibly result in

misclassifications (see, e.g., Steenkamp and Wedel, 1993; Vriens et al., 1996).10

Sample Composition and Choice Tasks

A total of 2,017 persons from Germany participated in the CBC experiment of Braun et al. (2014). All of

them are so-called insurance decision makers.11 According to Swiss Re (2013), most term life insurances

are taken out during the employment phase. Therefore, the respondents’ age was restricted to be between

20 and 54 years. The participants were contacted by a renowned market research company and were

awarded with bonus points to be redeemed in a variety of online shops. During the experiment itself, a

total of twelve choice tasks, each with two term life products and a none-option, had to be evaluated.

Design of the Term Life Products in the Choice Tasks

The CBC design of Braun et al. (2014) comprised the six most common and important attributes charac-

terizing a term life policy (see Table 1). Besides the apparent properties such as insurance premium (on a

monthly basis), term assured, sales channel, medical underwriting policy, as well as brand of the offering

company, a so-called critical illness (CI) option was included. In case of severe illnesses (such as cancer)

defined upfront in the contract, this option guarantees a one-off payment to the policyholder, which does

not affect the death benefit. Today, these additional CI riders are increasingly gaining importance in the

German market. Since the premium for a term life product depends on the policyholder’s age as well as

his/her health status, each respondent was allocated to a conjoint experiment exhibiting prices appropri-

ate to his/her personal condition.12 In order to present realistic prices levels, Braun et al. (2014) both

drew on www.check24.de, an online comparison portal for insurance contracts in Germany, and industry

experts’ assessments. The insurance premiums thus obtained and finally shown to the ten different CBC

groups can be found in Table 9 in the Appendix.

Individual Part-Worth Utility Profiles

Figure 1 shows the part-worth profiles from the CBC experiment of Braun et al. (2014), which form the

basis for our analysis. The single attribute levels are plotted on the horizontal axes while the corre-

sponding utility values are shown on the vertical axes. Between attribute levels, the utility values have

been linearly interpolated.13 The light gray lines depict the individual-level part-worths, whereas the

preferences of the average respondent are highlighted with bold black lines. Subfigure 1(a) differs from

10Several authors developed methods that simultaneously estimate preference profiles and classify the respondents (see, e.g.,
Ogawa, 1987; DeSarbo et al., 1989; Wedel and Kistemaker, 1989; Wedel and Steenkamp, 1991; DeSarbo et al., 1992).

11The respondents were entitled to participate in the study after stating that they either make decisions about insurance
policies by themselves or are at least involved in the conclusion of the latter.

12The health status of a respondent was reflected by his/her smoking status (nonsmoker vs. smoker).
13This state-of-the-art depiction of preference data is particularly useful in case of continuous attributes such as the insurance
premium and term assured, respectively.
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No. Attribute Attribute Levels Comment

1
Insurance
Premium

Five levels with equally sized price steps
(see Table 9 in the Appendix)

Levels depend on age and smoking status
Derived from market quotes / expert ap-
praisals

2 Term Assured 10 / 15 / 20 years –

3 Sales Channel Human salesperson / online distribution –

4
Underwriting
Policy

Questionnaire (3) / questionnaire (10) /
min. 1-year survival / medical examination

–

5 Brand
Well-known insurer / lesser-known insurer /
noninsurance brand

Graphical depiction (logos)
in the experiment

6 CI Option Yes / no
Lump sum (50,000 EUR) if severe illness
detected

– Sum Insured Fixed at 100,000 EUR
In case of higher demand, participants
were told that multiple purchases of the
same product are possible

Table 1: Attributes of the Term Life Product
This table contains the six product attributes and corresponding levels of the CBC experiment by Braun et al. (2014).

the remaining ones since the premium levels in EUR shown to the ten CBC groups were not the same

implying that a level-based aggregation is not meaningful (refer to Table 9 in the Appendix for the group-

specific premiums). Therefore, we decided to plot the monthly insurance rates in EUR on the horizontal

axis. Thus, the preferences of group one comprising the young nonsmokers are located at the very left,

whereas the preferences of group ten containing the old smokers who faced the highest premiums in the

experiment can be found at the right-hand side. Generally, it becomes visible that all ten groups exhibit

a monotonically falling part-worth profile suggesting that higher prices lead to a drop in utility.14

For the attributes term assured, sales channel, and underwriting policy it can be seen that the av-

erage respondent is virtually indifferent with respect to the different attribute levels. Regarding most

individual perceptions, however, a high variation becomes visible for almost all attributes. From 1(b),

for instance, it can be seen that the respondents disagree more for 10 and 20 years term assured than for

15 years. As indicated by subfigure 1(c), however, the preferences are quite equally distributed between a

personal and an online purchase of the policy. With respect to the underwriting policy depicted in 1(d),

the cutting-edge 1-year-survival option causes the highest disparity among the respondents. While some

clearly benefit from it and evaluate it as the most preferred underwriting procedure, several respondents

associate it with a negative utility. The same holds true for the medical examination. In addition, a

considerable degree of variation for the attribute brand as highlighted in 1(e) can be observed. Finally,

as shown in 1(f), a critical illness option is associated with a positive utility to half of the respondents.

14This was enforced during the estimation process by the so-called tying after estimation method (see Johnson, 2000).
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Figure 1: Individual Part-Worth Utility Profiles
This figure shows the individual part-worth profiles for the six CBC attributes in the study of Braun et al. (2014) by
light gray lines. The vertical axes specify the utility value that corresponds to the respective attribute level displayed
on the horizontal axes. Additionally, the graph highlights the part-worths of the average respondent by the bold black
lines. Since subfigure 1(a) is based on premiums in EUR instead of attribute levels, it contains the part-worth profiles
for each of the ten CBC groups on a separate basis (see Table 9 in the Appendix).
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To sum up, the observed disagreement among the respondents’ preferences indicates that the German

term life market is considerably heterogeneous. From the insurer’s perspective, it appears to be almost

impossible to address all customers with one product or marketing strategy, respectively. If the policies

offered in the market are targeted to meet the average preference structure, however, many respondents

would face a product range lacking characteristics that fit their personal situation. Thus, a benefit seg-

mentation represents a suitable way to target customers more effectively and set all market participants

better off. The resulting submarkets made up of persons with homogeneous preferences enable insurers to

develop segment-specific products that in turn have the potential to attract a larger number of customers.

3 Determination of Customer Segments

In order to reveal the underlying structure in our preference data and perform a division of the term life

market into several submarkets, we draw on the methodological family of cluster analyses.15 Generally,

cluster analysis is a generic term which summarizes a variety of procedures and algorithms. It can be

distinguished between so-called nested (hierarchical) and unnested (partitioning) methods. The primary

objective of these techniques is to allocate respondents into groups in such a way that both the intra-

cluster homogeneity as well as the inter-cluster heterogeneity with respect to the clustering variables are

as large as possible. Since both the number of groups and individual memberships are unknown a priori

and the only ‘true’ clustering procedure for market segmentations does not exist, we apply a wide variety

of algorithms to our data. More specifically, we present the mechanics and general intentions behind

several techniques with the individual-level part-worth profiles from Figure 1 serving as segmentation

basis (see, e.g., Green, 1977). The cluster solutions thus obtained form the so-called ensemble, which is

subjected to the consensus clustering approach by Orme and Johnson (2008) in the final step.

Proximity Measurement

Regarding the common clustering criteria, internal cohesion and external isolation (see Cormack, 1971),

the way how to measure the distance (or dissimilarity) between two respondents is of greatest impor-

tance. In the case of part-worth profiles as segmentation basis, a dissimilarity measure for interval data

(see Orme, 2010) is required. Therefore, we firstly arrange the data matrix Z as follows:

Z =

















z1,1 z1,2 · · · z1,p

z2,1 z2,2 · · · z2,p
...

...
. . .

...

zn,1 zn,2 · · · zn,p

















(1)

15Punj and Stewart (1983) provide a comprehensive overview on the applications of cluster analyses in marketing research
and find that most studies are targeted at market segmentations. Over the past decades, however, cluster analysis has
been widely applied in various disciplines other than marketing such as archaeology (see, e.g., Sutton and Reinhard,
1995), astronomy (see, e.g., Faúndez-Abans et al., 1996), bioinformatics and genetics (see, e.g., Selinski and Ickstadt,
2008), psychiatry (see, e.g., Farmer et al., 1983), as well as weather classification (see, e.g., Littmann, 2000).
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with n individuals in rows (n = 2, 017) and a total of p attribute levels (p = 19, as can be seen from

Table 1), i.e., variables to be clustered, in columns.

A general dissimilarity measure for interval data is the Minkowski distance:

dgj =

[

p
∑

u=1

|zgu − zju|
ρ

]
1

ρ

ρ ≥ 1, (2)

where zgu and zju are the u-th standardized attribute-level utilities (zero-centered diffs) of the p-dimensional

observations for individuals g and j (see Everitt et al., 2011).16 For ρ = 2, dgj equals the Euclidean dis-

tance (see, e.g., Gower and Legendre, 1986) between individuals g and j that we employ in order to

obtain the n× n dissimilarity matrix D.

Hierarchical Clustering

Hierarchical clustering aims at detecting the underlying natural structure of Z by constructing a tree-like

hierarchy containing all possible numbers of clusters (see Kaufman and Rousseeuw, 1990). Generally, the

so-called agglomerative (bottom-up) and divisive (top-down) methods are distinguished. Agglomerative

clustering methods start with a total of n clusters, i.e., each respondent j represents a single cluster c.

In the first step, based on the dissimilarity matrix D, the two closest respondents are merged into a

cluster of size two. At the second stage, the two closest clusters based on the updated (n− 1)× (n− 1)

dissimilarity matrix D2 are merged. This procedure has to be repeated n− 1 times until a single cluster

containing all n respondents is obtained at the final stage. The criterion for joining two clusters, i.e.,

determining the maximum similarity (or minimum dissimilarity) beyond the first stage, depends on the

chosen clustering strategy. Most agglomerative hierarchical techniques can be obtained as special cases

of the general recurrence formula of Lance and Williams (1967):

dckcij = αidckci + αjdckcj + βdcicj + γ|dckci − dckcj |, (3)

where dckcij is the distance between the clusters ck and cij with the latter being an amalgamation of

clusters ci and cj . Consequently, the distance between ci and cj is denoted as dcicj . Furthermore,

αi + αj + β = 1, αi = αj , and β < 1 (see, e.g., Everitt et al., 2011).

Under complete linkage clustering (see Sørensen, 1948), the proximity between ck and cij corresponds

to the maximum of the distances dckci and dckcj , respectively. Therefore, this algorithm is also known as

furthest-neighbor method. According to Milligan (1980), it tends to generate clusters with equal diame-

16The absolute utility values from more consistent respondents compared to less consistent respondents are generally larger
in size. Hence, drawing on unstandardized raw utilities during the clustering would lead to distorted results.
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ters (see, e.g., Everitt et al., 2011).17 Average linkage clustering (see Sokal and Michener, 1958), on the

other hand, defines the proximity between two clusters as the average of the pairwise distances between

all objects in ck and cij . In most articles, it is referred to as the Unweighted Pair-Group Method using

arithmetic Averages (UPGMA) since the number of objects in the joined clusters is taken into account.

Generally, the clusters resulting from this technique exhibit low variances. Although single linkage clus-

tering (nearest-neighbor) is well-suited for elongated data structures, we refrain from incorporating this

method in our study since we are interested in compact cluster solutions (see Orme and Johnson, 2008).

The method developed by McQuitty (1966) adopts almost the same approach as UPGMA with the dif-

ference that the distance between two clusters is given by a simple average. In other words, the number

of objects in the clusters under consideration is neglected and thus, objects belonging to smaller clusters

are weighted more highly than objects belonging to larger clusters (see Everitt et al., 2011).18 Hence,

this method is further known as Weighted Pair-Group Method using arithmetic Averages (WPGMA) and

particularly suitable in case of uneven cluster sizes. Finally, we also apply Ward’s method (see Ward,

1963), which can be regarded as a variance-minimization approach. Firstly, the total within-cluster error

sum of squares, denoted as E, for all c clusters needs to be calculated as follows (see Everitt et al., 2011):

E =
c

∑

m=1

Em (4)

with

Em =

nm
∑

j=1

p
∑

u=1

(zmju − z̄mu)
2. (5)

The mean (centroid) of the u-th attribute-level utility (u = 1, ..., p) in cluster m is given by z̄mu, whereas

zmju expresses the u-th attribute-level utility for the j-th individual (j = 1, ..., nm) in the m-th cluster

(m = 1, ..., c). Secondly, at each clustering stage, the two clusters leading to the lowest increase in E

are merged. Ward’s method has the tendency to produce spherical clusters of the same size (see, e.g.,

Milligan, 1980). Table 2 contains both the Lance-Williams parameter values for the above mentioned

methods and the corresponding combinatorial formulae for the merger of ck and cij , respectively.
19

Generally, agglomerative methods exhibit two characteristics. Firstly, clusters that have been merged

at lower stages will stick together until the final stage. Therefore, a wrong classification at the beginning

cannot be corrected at later steps. Secondly, a hierarchy is generated regardless of whether the natural

structure of the data is properly represented or not (see, e.g., Gordon, 1987). In order to get an overall

indication of the clustering structure and assess the algorithms’ performance, we calculate the so-called

agglomerative coefficient (AC), defined as (see, e.g., Kaufman and Rousseeuw, 1990):

17“The diameter of a cluster is just the largest dissimilarity between two of its objects” (Kaufman and Rousseeuw, 1990).
18The inter-cluster distances are weighted according to the inverse of the number of persons in each cluster (see Everitt et al.,
2011).

19In their original article, Lance and Williams (1967) did not consider Ward’s method. Instead, the latter has been reviewed
and provided by Wishart (1969).
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AC =
1

n

n
∑

j=1

(1− δj), (6)

where δj is a ratio between the dissimilarity of singleton j (cluster of size one) and the cluster it is merged

with first and the dissimilarity between the merged clusters in the algorithm’s last step. Due to this rela-

tive measurement, the resulting AC is dimensionless and takes on values between 0 and 1. Consequently,

a high agglomerative coefficient indicates a clear cluster structure since the latter is characterized by a

substantial increase in the distance when merging two clusters during the process.

Clustering Method αi β γ Combinatorial Formulae for Distances

Complete linkage 1/2 0 1/2 dckcij = max(dckci , dckcj )

Average linkage
nci

(nci
+ncj

) 0 0 dckcij =
nci

dckci
+ncj

dckcj

nci
+ncj

McQuitty’s method 1/2 0 0 dckcij =
dckci

+dckcj

2

Ward’s method
(nck

+nci
)

nck
+nci

+ncj

−nck

nck
+nci

+ncj

0 dckcij =
(nck

+nci
)dckci

+(nck
+ncj

)dckcj
−nck

dcicj

nck
+nci

+ncj

Table 2: Parameterizations for Hierarchical Clustering Methods

This table shows the Lance-Williams input parameters αi (αi = αj), β, and γ for the agglomerative
methods complete linkage, average linkage (UPGMA), McQuitty’s method (WPGMA), and Ward’s
method in case of merging ck and cij . The number of individuals in clusters k, i, and j, respectively, are
denoted by nck , nci , and ncj . Furthermore, the corresponding combinatorial formulae are provided.

Divisive methods, on the other hand, construct the hierarchy in a reversed order starting with a single

cluster of size n at the outset (see, e.g., Kaufman and Rousseeuw, 1990).20 Although the calculations

are based on the dissimilarity matrix D as well, the algorithm is more complex than for agglomerative

clustering. With all n respondents initially located in one single cluster, the first divisive step aims at

splitting the latter into two groups. To do so, the person most dissimilar to all other persons based on

the average dissimilarity needs to be identified and assigned to a new cluster, the so-called splinter group

(csplinter).
21 For each respondent j not belonging to the splinter group, we calculate the difference as

ξj = (dji, ∀i /∈ csplinter)− (dji, ∀i ∈ csplinter), (7)

with dji being the average dissimilarity with the other respondents i. Then, respondent j character-

ized by the largest positive difference ξj is allocated to the splinter group, which now consists of two

20MacNaughton-Smith et al. (1964) proposed divisive hierarchical clustering as an improvement compared to agglomerative
hierarchical methods since the latter transfer ‘wrong’ mergers from early to subsequent stages.

21In case this criterion applies to two persons, one of the latter is chosen randomly (see Kaufman and Rousseeuw, 1990).
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individuals. This procedure has to be repeated until no more positive differences ξj are obtained, i.e.,

the persons in the starting cluster are more distant to the persons in the splinter group than to each

other. Thus, with the separation of these two groups, the first divisive stage is completed.22 In the next

step, the cluster with the largest diameter is subjected to the procedure described above. The latter is

successively repeated until after a total of n−1 iterative runs the full hierarchy with n singletons results.23

Similar to the agglomerative methods, the so-called divisive coefficient (DC) measures the overall

performance of the divisive clustering algorithm. It can be calculated by Equation (6) with δj defined as

the ratio between the proximity when object j becomes a singleton and the diameter of the overall data

set. Therefore, the DC is defined between 0 and 1 as well.

Partitioning Clustering

The second prominent type of clustering algorithms is known as unnested or partitioning clustering.

In contrast to the hierarchical methods, the desired number of non-overlapping clusters (K) has to be

defined in advance. We draw on the most prominent partitioning technique generally called k-means

(see, e.g., MacQueen, 1967) that works as follows. Firstly, a total of K centroids, i.e., cluster means,

has to be determined that serve as starting points of the algorithm. Secondly, we calculate Euclidean

distances between each object j and our K starting points in order to allocate them to the cluster whose

centroid is closest.24 In the next iterative run, the K centroids have to be recalculated and the allocation

of all objects j based on the new distances is updated. With each iteration, the process converges to the

natural structure of the data. It is completed when the centroids do not change anymore, i.e., the objects

are no longer reclassified to a different cluster. Mathematically, the squared error between the objects in

the k-th cluster and its centroid is given by (see Jain, 2010):

SEck =
∑

zj∈ck

||zj − µk||
2, (8)

where Z = {z1, ..., zn} is the set of respondents with p-dimensional attribute-level utilities and ck the

k-th cluster with centroid µk. The k-means algorithm aims at minimizing the sum of squared errors over

all K clusters (see Jain, 2010):

SEC =

K
∑

k=1

∑

zj∈ck

||zj − µk||
2, (9)

with C = {c1, ..., cK} being the set of K clusters.

One of the most critical parts in k-means clustering is the selection of appropriate starting points.

Therefore, in order to compensate for potential weaknesses of individual approaches, we provide a mixture

22Please note that in the case when all ξj are negative at the outset, the splinter group remains of size one (singleton) and
the second divisive step starts.

23A more detailed description of this divisive algorithm (DIANA) can be found in Kaufman and Rousseeuw (1990).
24Although most k-means algorithms rely on the Euclidean distance, other distance measures such as Mahalanobis distances
(see Mao and Jain, 1996) may be applied as well (see, e.g., Jain, 2010).
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of different techniques based on randomly drawn subsamples with nsub = 200 respondents each.25 Under

the so-called distance-based approach (see Sawtooth Software, 2013), we take the first K respondents

as preliminary starting points and calculate the corresponding pairwise distances between them. The

distance of the two closest respondents among K, dmin, serves as benchmark during the next step, in

which the distances between the K + 1-th respondent and the preliminary set K are considered. If we

find a new d′min > dmin, the K+1-th respondent replaces the one associated with dmin from the previous

step that is closest to it. Then, the minimum benchmark distance of the updated set K is determined

and the K + 2-th respondent is assessed. By sequentially analyzing all of the remaining persons in the

subsample, we are able to identify the K characterized by the largest distances. The idea behind such a

strategy is that widely-spaced respondents are expected to be members of different clusters. The density-

based approach, on the other hand, suggests to select the starting points from a region characterized

by a high density (see Sawtooth Software, 2013). That is, we are looking for respondents with almost

similar preference structures to begin with (see, e.g., Ester et al., 1996). Firstly, we start with calculating

pairwise distances across the whole subsample and transform them into proximities of the form p = 1
(1+d)

that are entered into the nsub × nsub proximity matrix Λ. The respondent associated with the highest

sum of proximities, e.g., respondent a, is chosen as the first starting point. In the next step, it needs to be

ensured that all persons located closely to a are not selected as further starting points. After all diagonal

elements of Λ have been substituted by the maximum of the respective column or row, the proximity

between respondents i and j, pij , is corrected as follows (see Sawtooth Software, 2013):

p′ij = pij −
(pia · pja)

paa
. (10)

Generally, p′ij = max
{

0, p′ij
}

. This procedure is repeated until K respondents are determined as starting

points. Finally, as a third approach, we run a further hierarchical complete linkage clustering on a subsam-

ple and define the centroids of the respectiveK-cluster solutions as starting points (see Sawtooth Software,

2013). In order to reduce the risk of incorrect conclusions due to unfavorable and unrepresentative sub-

samples, a total of 30 iterations with different subsamples has been performed for each method.

Consensus Clustering

Although we comply with the general steps of a cluster analysis as proposed by many researchers such as

Milligan and Cooper (1987) and Everitt et al. (2011), the results crucially depend on several specifications

taken by us. Firstly, there is no correct answer which clustering technique should be employed. Secondly,

it is unclear which linkage criterions and starting points lead to the best results and thirdly, the decision

on the final number of groups under both hierarchical and partitioning approaches remains arbitrarily

as well. One way to tackle these issues is by consensus clustering, which is based on the construction

of a so-called cluster ensemble, i.e., a collection of several individual cluster solutions of a data set (see,

e.g., Strehl and Ghosh, 2002). The literature offers a wide variety of ways how to arrive at a diversified

25All of the following techniques have been recommended and outlined by experts from Sawtooth Software who found good
performance with regard to cluster recovery as well as solution reproducibility (see Orme and Johnson, 2008).
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ensemble, among others, by generating partitions, i.e., clustering solutions, from a subset of variables,

by extracting multiple solutions based on one procedure (e.g., k-means with 2 and 3 clusters), and by

considering a variety of clustering techniques (see, e.g., Retzer and Shan, 2007). We additionally consider

varying starting points under k-means.26 First of all, the combination of all six attributes as well as each

of them individually serve as a basis for our clustering strategy. We then resort to both the hierarchical

and partitioning methods for which solutions of 2 to 30 groups (K = 2, ..., 30) are extracted. Hence, our

final ensemble consists of seven parts (cluster bases) with eight clustering techniques (five hierarchical

and three partitioning methods) per K (29 groups) implying a total of 1,624 (7× 8× 29 = 1, 624) sample

partitions that indicate the respondents’ membership under the respective solutions.

Such a wide variety of partitions is expected to lead to a high degree of diversity. Besides accuracy,

diversity is the most important characteristic of a cluster ensemble and essential to arrive at a good

consensus solution (see, e.g., Retzer et al., 2009).27 A common way to measure diversity is the adjusted

Rand index (ARI) of Hubert and Arabie (1985), which is a modification of the Rand index (see Rand,

1971). The latter examines pairs of objects (respondents) from two cluster solutions and captures the

degree of correspondence. When comparing two partitions P1 and P2, let φ be the number of pairs

that are allocated to the same cluster under both partitions.28 If the classification is different in both

partitions, on the other hand, denote the number of pairs by ω. In case of being assigned to the same

cluster in P1 and different clusters in P2, denote the number of pairs as χ. Finally, ψ is the number of

pairs when two respondents are classified the same in P2, but differently in P1.
29 The Rand index (RI)

is then given by (see, e.g., Retzer et al., 2009):

RIP1,P2
=

φ+ ω

φ+ χ+ ψ + ω
(11)

and takes on unity when the two partitions under consideration fully coincide. With an increasing number

of clusters, the RI values always converge towards unity (see, e.g., Steinley, 2004). In order to overcome

this issue, Hubert and Arabie (1985) corrected the RI for the level of chance. Given that the denominator

in Equation (11), i.e., the total number of pairs π (π = φ+χ+ψ+ω = n(n−1)
2 ), can be expressed as

(

n

2

)

,

the ARI is defined as (see, e.g., Steinley, 2004; Retzer et al., 2009):

ARIP1,P2
=

(

n

2

)

(φ+ ω)− [(φ+ χ)(φ+ ψ) + (ψ + ω)(χ+ ω)]

(

n

2

)2

− [(φ+ χ)(φ+ ψ) + (ψ + ω)(χ+ ω)]

. (12)

The diversity of an ensemble is then given by deducting the average ARI from 1.

26According to Retzer et al. (2009), these methods have been shown to yield efficient solutions.
27Orme and Johnson (2008) argue that a comprehensive ensemble with respect to the number of partitions and group
solutions leads to good consensus solutions. Furthermore, the latter are more stable when drawing on ensembles reflecting
a high diversity.

28Please note that the term ‘same cluster’ refers to the classification of the pair within a partition only. That is, for instance,
two respondents (a pair) are both in c1 in P1 and both in c2 in P2, where c1 does not have to be identical to c2.

29The numbers φ, χ, ψ, and ω are most easily obtained by means of a 2× 2 contingency table of P1 and P2.
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Consensus clustering (CC) approaches have the aim to arrive at a final cluster solution (PCons) based

on all partitions composing the cluster ensemble. The membership assignments of the single solutions

serve as input to the chosen algorithm, while the underlying data matrix Z containing the individual-level

part-worth profiles is neglected (see, e.g., Orme and Johnson, 2008). Such a process may be regarded as

clustering on cluster solutions. Therefore, CC compensates for the drawbacks associated with individual

clustering techniques such as inappropriately selected linkage criterions or starting points by incorporat-

ing information derived from all of the latter in the final solution. Figure 2 visualizes the general idea

behind the two-stage approach of consensus clustering on a cluster ensemble.

Data Z

P1 P2 PM

PCons

Figure 2: Consensus Clustering Approach
This figure shows the general idea behind consensus clustering. Based on the data matrix Z, several clustering procedures
(hierarchical and partitioning methods) lead to a total ofM different partitions that serve as input for the final consensus
solution PCons at the second stage.

As with the ensemble, a variety of methods exists to generate PCons (see, e.g., Retzer and Shan, 2007).

In this paper, we draw on a variant of the Meta-CLustering Algorithm (MCLA) originally proposed by

Strehl and Ghosh (2002) and later adapted by Orme and Johnson (2008) to attain our final consensus

solution. In the primary step at the CC stage, we take the group assignments from the M ensemble par-

titions entered in the indicator matrix and run 30 replications of a k-means algorithm based on a mixture

of the previously described starting points for a varying number of clusters κ (κ = 1, ..., 5).30 Hence,

for each κ, 30 different solutions are obtained. Yet, we still need a decision criterion on the selection of

the optimal number of groups that best reflect the underlying structure of our data. From an intuitive

perspective, for each κ, it is the one that is most persistent or, in other words, most reproducible among

the 30 replications. A high reproducibility signals that, independent of the selected starting points, a

solution crops up again and again. Thus, it can be assumed that the algorithm found the unknown true

30The necessary steps for assembling the indicator matrix to be employed as input at the CC stage under the approach
suggested by Orme and Johnson (2008) are contained in the Appendix.
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number of segments underlying the preference data. The reproducibility, generally calculated in the first

iterative step, is given by the ratio between the respondents classified equally under two different solu-

tions and the total number of respondents.31 In the second step, the group memberships for each κ are

again transformed into an indicator matrix and subjected to the so-called clustering on cluster solutions

of clusters (see Orme and Johnson, 2008). This procedure is repeated until the process has converged,

meaning that no respondents are further reclassified. Orme and Johnson (2008) found that convergence

is achieved quickly and recommend to take the penultimate solution as consensus for the considered κ.

The common reproducibility, however, is susceptible to the number of clusters in the respective so-

lutions and decreases with the latter. In a four-group solution, for instance, the level of chance for two

respondents being classified the same would equal 25%, whereas it increases to 50% for a two-group

solution. As a consequence, solutions with more groups are worse off. Therefore, we apply the adjusted

reproducibility that takes these considerations into account (see Sawtooth Software, 2013):

radj =
κ · r − 1

κ− 1
, (13)

where κ is the number of clusters and r the unadjusted reproducibility explained above.

After the customer segments have been detected, we follow Orme (2010) and transform the part-worths

into the so-called relative attribute importance (RAI), defined as (see Braun et al., 2014):

RAIjs =
max

l
(zjsl)−min

l
(zjsl)

6
∑

s=1

(

max
l

(zjsl)−min
l
(zjsl)

) , (14)

with zjsl denoting individual j’s perceived utility for attribute level l of attribute s ∈ {1, 2, 3, 4, 5, 6}.

As can be seen from Equation (14), RAIjs equals the ratio of the utility range in s and the sum of all

attribute’s utility ranges, which corresponds to the weight of that attribute among all attributes.32 Thus,

it states how much attribute s adds to the total utility of a product as perceived by j (see Orme, 2010).

4 Results

Cluster Ensemble

Hierarchical clustering, as stated by its name, is a step-by-step methodology that finally results in one

(agglomerative) or n clusters (divisive). This characteristic allows for visualizing the hierarchy by a

tree-like two-dimensional plot, the so-called dendrogram (see, e.g., Everitt et al., 2011). Generally, the

structure of a vertical dendrogram is as follows: Each respondent represents a terminal node which is

31With 30 replications in the first CC step, a 30× 30 reproducibility matrix for each κ is obtained.
32Relative attribute importances are ratio data and add up to 100% for each respondent.
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displayed on the horizontal axis. The distances at which the mergers of the clusters take place, on the

other hand, are indicated on the vertical axis. Accordingly, each internal node epitomizes a cluster of

at least two singletons. Given this graphical representation, a vertical dendrogram has to be read from

bottom to top in case of agglomerative hierarchical clustering, while the reverse holds true for divisive

methods. Figure 3 shows the dendrograms for the methods employed in this paper (complete linkage,

average linkage, McQuitty’s method, Ward’s method, and divisive clustering).33

With a total of 2,017 respondents, we refrain from labeling the singletons on the horizontal axis.

The hierarchy can be truncated at any stage implying that clustering solutions up to 2,017 groups are

theoretically possible. In case of employing complete linkage as shown in subfigure 3(a), there is at

least a graphical indication of three ultimate clusters with the internal nodes located between distances

6 and 8. Merging the two clusters on the right-hand side in the penultimate step to arrive at a two-

cluster solution, however, would involve an increase in the distance between the groups. Average linkage

clustering depicted in subfigure 3(b), on the other hand, rather points towards two or four clusters

(located at a distance of approximately 3.5). In accordance with complete linkage, McQuitty’s method

provides evidence for a three-cluster solution that can be found at a distance slightly below and above 4

(see subfigure 3c). The hierarchy obtained from Ward’s method, as illustrated by subfigure 3(d), also

indicates that three groups are the best solution with respect to minimizing the inter-cluster distances.

Finally, the divisive technique shown in subfigure 3(e) favors two clusters, although a three-cluster solution

would also be appropriate. To sum up, the conclusions regarding the final number of clusters from the

hierarchical methods drawn in this paragraph are based on a rough graphical evaluation of Figure 3 only.

Since the constructed ensemble comprises solutions from 2 to 30 groups of each method, however, a more

precise analysis is not required at this stage.

Complete
linkage

Average
linkage

McQuitty’s
method

Ward’s
method

Divisive
clustering

Average

All attributes 0.885 0.766 0.783 0.990 0.871 0.859

Insurance Premium 0.984 0.964 0.972 0.999 0.981 0.980

Term Assured 0.994 0.987 0.990 0.999 0.993 0.993

Sales Channel 1.000 0.999 0.999 1.000 1.000 1.000

Underwriting Policy 0.983 0.945 0.968 0.998 0.980 0.975

Brand 0.993 0.980 0.989 0.999 0.992 0.991

CI Option 1.000 0.999 0.999 1.000 1.000 1.000

Average 0.977 0.949 0.957 0.998 0.974 0.971

Table 3: Hierarchical Clustering Coefficients

33For reasons of clarity, we refrain from the dendrogram visualizations proposed by Kruskal and Landwehr (1983), among
others. Instead, we draw the horizontal lines such that the internal nodes are located between two terminal nodes.
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(c) McQuitty’s Method (WPGMA)
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(e) Divisive Clustering (DIANA)

Figure 3: Hierarchical Clustering – Dendrograms
This figure depicts the dendrograms for the hierarchical methods. The hierarchies obtained through the agglomerative
algorithms (complete linkage, average linkage, McQuitty’s method, Ward’s method) are contained in subfigures (a), (b),
(c), and (d), while the divisive clustering result is shown in subfigure (e).
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In order to get an impression of the quality of the clustering structure revealed by the applied hi-

erarchical techniques, we calculate the agglomerative (AC) and divisive (DC) clustering coefficients as

shown in Equation (6). The first row in Table 3 contains the respective coefficients in the case when

all six attributes are selected as clustering basis. With a coefficient of 0.990, Ward’s method found

the most distinct structure, while average linkage is associated with the lowest coefficient (0.766). With

an overall average of 0.859 (see last column), it can be concluded that a solid structure has been detected.

As already mentioned before, the analyses have been performed on each product attribute separately

to increase the ensemble diversity. These results can be found in the bottom section of Table 3. For the

attributes sales channel and CI option, the coefficient takes on unity on average, which equals the upper

bound of the AC and DC, respectively. With all averages equal to and larger than 0.975, the hierarchies

obtained by the subsets are of high quality, too. Regarding the individual techniques, an almost identical

picture is observed. According to the average values of the coefficients (last row), Ward’s method (0.998)

delivers the most clear clustering structure, directly followed by complete linkage (0.977) as well as the

divisive method (0.974). Lastly, also McQuitty’s method (0.957) and average linkage (0.949) achieve

coefficient values that are clearly above the average of most data sets.

Thus, all coefficients displayed in Table 3 provide evidence that the hierarchical methods revealed the

natural structure that underlies the preference data. The partitions derived by the k-means algorithm

based on different starting points should be of high quality as well for at least two reasons. Firstly, the

complete linkage cluster centroids have been taken as starting points for the hierarchical-based k-means

and secondly, for all three approaches, only the solutions with the highest reproducibilities make it to the

ensemble. As pointed out by Retzer et al. (2009), in addition to quality, the second critical condition for

arriving at a reasonable consensus solution is ensemble diversity. With a total of M = 1, 624 partitions

in the full ensemble, a satisfactory degree of diversity should be given. However, we want to be more

explicit and determine the latter by calculating all ARI values (see Equation 12) for each combination of

two partitions and subtracting them from 1. Then, the 1−ARI values are entered into a M ×M diversity

matrix (see Retzer et al., 2009). Finally, this matrix can be depicted by a heatmap that graphically

illustrates the diversity of each individual ensemble partition.

Figure 4 shows such heatmaps both for the full (subfigure 4a) and a reduced ensemble (subfigure 4b).

The latter comprises 2– to 15-group solutions from the eight different techniques based on all attributes

at once. Hence, it contains a total of 112 (14× 8 = 112) partitions. Each subfigure consists of a color key

including a histogram in the upper left corner, two dendrograms, as well as the actual heatmap.34 From

the color keys, it can be seen that dark areas indicate a low degree of diversity, whereas light areas are

associated with a larger diversity between the respective partitions. Since each partition compared to itself

has a diversity of zero, both heatmaps exhibit a black diagonal from the lower left to the upper right. The

many light areas in subfigure 4(a) clarify that we indeed constructed a well-diversified ensemble, which is

underpinned by the high average degree of diversity (0.927). For the reduced ensemble in subfigure 4(b),

34The dendrograms have been produced by complete linkage clustering of the diversity matrix and are of no further relevance.
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on the other hand, far more dark areas can be observed. This is also reflected by the lower coefficient of

diversity, which amounts to 0.589.

Customer Segments

In order to make a decision on the final number of market segments, we compute both the F -values

and adjusted reproducibilities for each κ (κ = 2, ..., 5). The F -values stem from an analysis of variance

(ANOVA) on the individual-level part-worth utilities and give an indication on which attributes the

groups in the solution under consideration differ most. Since we have to make an assessment between

solutions, however, we calculate solution-specific aggregated F -values that naturally decrease with an

increasing number of groups. Additionally, for each κ, we gauge the adjusted reproducibility as shown

in Equation (13), which declines with an increasing number of clusters as well. Therefore, we are on the

lookout for a reversed pattern in the two figures and secondly, evaluate them with regard to the absolute

value that would be expected. According to these thoughts, the consensus clustering of the full ensemble

indicates that the German term life market features three distinct market segments. More in detail, an

aggregated F -value of 1163.9 (2 groups: 1664.8) and an adjusted reproducibility of 99.9% (93.3%) are

obtained. Such a high reproducibility is a clear signal that a useful and robust structure has been revealed

since the rates observed otherwise are much lower (see Orme and Johnson, 2008). In the final solution,

the first cluster contains 544 respondents, the second 712 respondents, and the third 761 respondents.

So far, all 2,017 individuals are included and constitute the three segments. However, before interpreting

the characteristics of these segments, we decide to remove ‘outliers’ at this stage.35 In this regard, we

calculate the relative attribute importances (RAI) as shown in Equation (14) and determine the average

attribute-wise standard deviations in each segment.36 Then, individuals exhibiting relative attribute im-

portances larger than two-times the within-cluster standard deviations are typecasted as ‘outliers’ and

removed from our further segment analyses (see, e.g., Milligan and Cooper, 1987). Finally, the cleaned

clusters comprise 429 (cluster 1), 523 (cluster 2), and 558 (cluster 3) persons, respectively.37

Table 4 shows some descriptive statistics of the relative attribute importances for each of the three

clusters, with the upper part containing the figures for the whole market (2,017 respondents). From

the first row it can be seen that, on average, the insurance premium is the most important product

attribute to a (potential) term life buyer (41.0%), directly followed by the brand (16.0%) as well as the

underwriting procedure (15.0%) of the company selling the policy. With an average relative importance

of approximately 13.5%, the innovative CI option is almost as important as the brand and the underwrit-

ing, respectively. Lastly, the term assured (7.9%) and the sales channel (6.7%) are of lesser relevance.

The third row shows the corresponding standard deviations (S.D.) that are highest for the insurance

premium (21.2%), the brand (12.8%), and the CI option (10.5%). This affirms the substantial degree of

35Note that it is not possible to remove outliers at the outset since the number of groups and the respective characteristics
are unknown a priori. Hence, there is the risk of eliminating respondents that form a common cluster.

36This step is needed since the individual-level part-worth profiles are subject to different arbitrary scale origins within each
attribute (see Orme, 2010).

37Please note that the respondents identified as ‘outliers’ remain in the market. From an insurer’s point of view, however,
it is preferable to focus on the segment kernel when developing and implementing product and price strategies.
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Figure 4: Heatmaps Reflecting the Ensemble Diversity
This figure represents the diversity matrices for the full ensemble with 1,624 partitions (subfigure 4a) and a reduced
ensemble with 112 partitions (subfigure 4b) by heatmaps. Dark areas indicate a low degree of diversity while the opposite
holds true for lighter areas.
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disagreement among the respondents in our sample regarding these term life characteristics. In order to

get an impression of the bulk of respondents’ preferences, we further provide the lower and upper bounds

of the so-called highest density interval (HDI), which contains 95% of the relative importance distribu-

tion. Particularly with regard to the insurance premium, the HDI bounds are wide-spread implying a

substantial divergence of the individual preferences (see Figure 1). Finally, the last line specifies the rank

of the attributes within the full sample and the three clusters.

Premium Term Channel U/W Brand CI Option

Full sample
(n = 2, 017)

Mean 40.95% 7.93% 6.71% 14.95% 16.01% 13.46%

Median 40.55% 6.47% 4.61% 13.03% 11.90% 10.97%

S.D. 21.24% 5.96% 6.95% 8.97% 12.79% 10.53%

Lower Bound 2.96% 0.23% 0.01% 1.16% 0.88% 0.05%

Upper Bound 76.54% 19.52% 20.47% 32.50% 43.34% 35.25%

Rank 1 5 6 3 2 4

Segment 1
(n = 429)

Mean 67.83% 4.83% 2.59% 9.55% 6.18% 9.02%

Median 68.08% 4.53% 2.16% 9.08% 5.85% 8.96%

S.D. 7.11% 2.47% 1.90% 4.01% 3.08% 5.19%

Lower Bound 53.71% 0.42% 0.02% 3.37% 0.88% 0.14%

Upper Bound 78.88% 9.51% 6.20% 18.42% 12.43% 18.04%

Rank 1 5 6 2 4 3

Segment 2
(n = 523)

Mean 18.42% 9.66% 9.88% 18.86% 27.13% 16.05%

Median 19.23% 8.41% 8.49% 17.18% 25.66% 14.30%

S.D. 8.62% 5.57% 6.90% 8.52% 12.75% 11.07%

Lower Bound 1.10% 1.47% 0.09% 4.36% 8.07% 0.13%

Upper Bound 31.80% 22.11% 23.91% 36.82% 53.10% 37.79%

Rank 3 6 5 2 1 4

Segment 3
(n = 558)

Mean 44.76% 7.32% 5.62% 14.47% 13.26% 14.58%

Median 44.52% 6.67% 5.08% 13.79% 12.12% 14.32%

S.D. 8.64% 4.02% 3.82% 6.38% 7.07% 8.52%

Lower Bound 27.84% 0.74% 0.03% 3.42% 1.61% 0.08%

Upper Bound 59.72% 15.65% 12.82% 26.78% 27.25% 28.99%

Rank 1 5 6 3 4 2

Table 4: Relative Attribute Importances per Segment
This table contains the relative attribute importances for the whole sample and the three individual segments. In
addition to the mean, the median, the standard deviation (S.D.), the lower and upper bound of the 95% highest density
interval (HDI), as well as the rank of the attributes are shown.

A detailed analysis of the three segments yields interesting insights. The first cluster contains the

most price-sensitive respondents characterized by a relative attribute importance of 67.8% for the insur-

ance premium. With importances barely below the ten percent threshold, the underwriting procedure
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as well as the CI option are evaluated as the further product features of interest. The importance of the

brand amounts to approximately 6.2% indicating that the respondents in this segment do not care about

the term life provider at all. Finally, in accordance with the full sample, the term assured and the sales

channel are even less important to this segment than the brand. Due to this specific preference structure,

we denote these respondents, that account for almost 21.3% of the whole market, as price-sensitive.

Compared to the full sample, on the other hand, the second market segment assigns the insurance

premium a much lower importance (18.4% vs. 41.0%). In line with the former segment, the economic

trade-off between price and brand also holds for this cluster. The far most important term life feature is

the brand with an importance of 27.1%, followed by the underwriting procedure (18.9%). In contrast to

the price-sensitive cluster, the respondents in this segment consider both the term assured (9.7%) and the

sales channel (9.9%) as much more important. Given the wider ranges of the HDI for most attributes,

it can be concluded that this cluster is not as compact as the price-sensitive segment.The preference

structure characterizing these respondents indicates traditional customers that are primarily brand-loyal.

In addition, their focus is on further product features such as the underwriting policy and the inclu-

sion of a CI option, respectively. The insurance premium, on the other hand, plays a minor role only.

Thus, in the following, these respondents with a market share of roughly 25.9% will be termed brand-loyal.

Finally, the consensus clustering revealed a third segment with the largest market share (27.7%),

which closely resembles the full sample. In other words, the algorithm extracted a large number of av-

erage respondents. The premium is the most important attribute for the latter although they are not

as price-sensitive as the respondents belonging to the first cluster. Furthermore, the members of this

group evaluate the underwriting policy, the brand, and the CI option as nearly equally important, while

the term assured and the sales channel are almost negligible. Aside from the insurance premium, as can

be seen from the tighter ranges of the HDI, this cluster is more compact than the brand-loyal market

segment. Moreover, when comparing the means, it becomes visible that this segment represents a hybrid

between the price-sensitive and the brand-loyal clusters. Thus, these individuals are denoted as waverers.

Figure 5 shows the distributions of the relative importances for each attribute on a cluster-wise basis

in a box plot format. In addition to our three revealed market segments, the full ensemble comprising

2,017 respondents is included as well. The boundaries of the gray boxes represent the lower and upper

quartiles, implying that the boxes contain 50% of the distributions’ mass. Analogous to Table 4, the

whiskers span the range of the 95% HDI, whereas the black lines within the boxes embody the median.

The respondents associated with the relative importances highlighted by the black circles are denoted

as outliers that have not been removed from the analysis, since they are located within two standard

deviations from the respective cluster average. At first glance, it can be seen that the median importances

of the waverers (C3) are approximately equal to the average median of the price-sensitive (C1) and brand-

loyal (C2) market segments. Furthermore, they almost correspond to the median of the full sample for all

six attributes. As already has been observed from Figure 1 and Table 4, the respondents and therefore,

the market segments, differ most on the insurance premium (see subfigure 5a) followed by the brand (5e)
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(d) Underwriting Policy
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Figure 5: Box Plots of the Relative Attribute Importances
This figure shows the distributions of the relative importances for the three market segments and the full sample per
attribute by means of box plots. The black horizontal line within the boxes represents the median, while the gray boxes
itself are bounded by the upper and lower quartile, respectively. In addition, the whiskers span the 95% HDI and thereby
cause the black circles to be considered as outliers.

23



Working Papers on Risk Management and Insurance, No. 158 – September 2014

and the underwriting policy (5d).38 An intermediate difference is observed for the sales channel (5c)

and CI option (5f). Finally, only slight differences are found for the attribute term assured (5b). Re-

garding the intra-cluster variance, all depicted subfigures illustrate that the price-sensitive segment is

most compact followed by the waverers. The brand-loyal segment, on the other hand, exhibits the widest

HDI ranges. For all attributes except the insurance premium, they are even wider than in case of the

full sample. Notwithstanding this observation, subfigures 5(a) and (e) are a clear indication that the

clustering algorithm performed well.

So far, the box plots in Figure 5 highlighted the importances in the three market segments per at-

tribute. An aggregated depiction of the respondents’ preference structures, however, is impossible since

the resulting importance space would be six-dimensional (see Table 1). Therefore, we again resort to

the three most important attributes in the full sample, i.e., the insurance premium, the brand, and the

underwriting policy. This three-dimensional importance space is displayed in Figure 6. On the left-hand

side, in subfigure 6(a), only the price-sensitive (gray circles) and brand-loyal (dark gray squares) segments

are depicted. Obviously, given our variable assignments to the axes, the price-sensitive respondents are

located in the upper left part that corresponds to a high importance for the premium and a low relevance

of the brand. Additionally, due to the preferences towards the underwriting policy, this segment is in

the foreground of the cube and exhibits a compact structure. The segment representing the brand-loyal

individuals, on the other hand, extends across the heart of the space and has a more long-stretched shape.

As indicated by Figures 5(e) and 5(d), it is widely dispersed over the brand and less-widely dispersed

over the underwriting policy. Finally, regarding the insurance premium, it is located clearly below the

price-sensitive segment with a maximum importance of approximately 36.1% compared to a minimum

importance of 50.8%. Furthermore, it becomes visible that at least for this three dimensions, the two

segments are non-overlapping. Consequently, this must also hold true for the respective cluster centroids

that are depicted as bold black circle and square, respectively.

Subfigure 6(b) additionally displays the third cluster (light gray triangles). It is positioned between

the price-sensitive individuals and the brand-loyal market segment and represents the average respon-

dents in our study. Therefore, its extremes with regard to the insurance premium are less than for the

first segment, while the same holds true for the brand and the second cluster. This is underpinned by

the segment’s compactness that is lower than for the price-sensitive respondents, but higher than for the

brand-loyal cluster.

To sum up, from the perspective of insurance providers, the German market as shown in our analyses

allows for a wide variety of term life policies. Companies with a lesser-known or even a noninsurance

brand can get access to the market by offering an entry-level product targeting the price-sensitive cus-

tomers, since the latter attach a low importance to the brand. Regarding its design, the product would

need to exhibit a sound balance between the nonprice attributes, while being offered at a competitive

price. Brand insurers, on the other hand, face a market segment that places the highest importance on

38Consequently, these attributes are also associated with the highest F -values in the ANOVA.
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(a) Price-Sensitive vs. Brand-Loyal
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(b) Price-Sensitive vs. Brand-Loyal vs. Waverer

Figure 6: Relative Attribute Importance Spaces
This figure shows the relative attribute importances per segment based on the insurance premium, the brand, and
the underwriting policy. The price-sensitive cluster is represented by the gray circles, the brand-loyal respondents as
dark gray squares, and the waverers as light gray triangles. Subfigure 6(a) contains the price-sensitive and brand-loyal
respondents only, whereas all three segments are depicted in subfigure 6(b). Additionally, the respective cluster centroids
are highlighted by the respective bold black symbols.

the brand, while the corresponding premium is of minor relevance. Although these consumers care more

about the term assured and the sales channel than the price-sensitive individuals (see Table 4), those two

attributes may be regarded as largely negligible. Therefore, a product offering that takes into account

the preferences for the underwriting policy and the CI option would have a great chance of succeeding.

Finally, the waverers exhibit a considerable importance for product features such as the CI option, the

underwriting policy, as well as the brand, which distinguishes them from the price-sensitive respondents.

Compared to the brand-loyal cluster, on the other hand, they also demonstrate an intermediate degree

of price-sensitivity. Hence, this segment opens up attractive opportunities for both brand insurers and

companies with a less prestigious or even a noninsurance brand. By developing moderately priced prod-

ucts designed to attract this largest group of respondents (27.7% of total market), term life providers

could extend their initial market share gained from the first two clusters.39 Moreover, in contrast to term

life policies for the price-sensitive and brand-loyal segment, such hybrid products intended to meet the

waverers’ preference structure, that almost resembles the average respondent, may also have the greatest

potential to arouse interest of the outliers, i.e., the persons in the market that have been removed from the

detailed segment analyses. Generally, as has been shown by Braun et al. (2014), a preference-optimized

policy dominates all other product offerings with respect to market share as well as revenue and profit

potential, respectively. Therefore, all term life providers with a proper understanding of customers’ pref-

erences and these three market segments have an advantage compared to their competitors. This even

holds true for those with a currently less strong footprint in the German market.

39Due to the different preferences between the waverers and their actual target groups, it is unlikely that term life providers
would face cannibalization effects between their offered products.
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5 Sensitivity Analysis

Number of Market Segments

According to Retzer and Shan (2007), cluster analysis has two crucial aspects. These are the selection of

the correct number of clusters and the assessment of the cluster quality. In this section, sensitivity analyses

with respect to both are performed. Firstly, as shown in Table 5, we construct six additional ensembles

based on different selections of clustering techniques and extracted number of clusters, respectively.

These are then subjected to the consensus clustering algorithm. The reduced ensemble A consists of 784

partitions derived by our eight clustering strategies and 2– to 15-group solutions (7 × 8 × 14 = 784),

while ensemble B has 504 partitions with the same techniques and 2– to 10-group solutions. C is a

representation of a pure k-means ensemble based on the three different starting points with 609 partitions

(2 to 30 groups). Ensemble D (1,015 partitions), on the other hand, is the counterpart identified by the

five hierarchical methods. Finally, ensembles E and F are based on the combination of the six attributes

only and include a total of 112 (2 to 15 groups) and 72 partitions (2 to 10 groups) derived by all eight

strategies.40 For each of the presented ensembles, the average ARI values are contained in the lower part

of the table. As already explained before, diversity generally reduces with the number of partitions.

Ensemble
Full Red A Red B Red C Red D Red E Red F

Average
1,624 784 504 609 1,015 112 72

2 Clusters 93.30% 98.30% 99.10% 84.90% 89.90% 87.80% 89.50% 91.83%

3 Clusters 99.90% 99.80% 99.50% 95.30% 99.80% 99.80% 99.60% 99.10%

4 Clusters 89.70% 86.80% 84.40% 84.30% 85.40% 79.10% 80.30% 84.29%

5 Clusters 80.70% 86.30% 87.00% 73.50% 84.50% 77.60% 78.80% 81.20%

ARI (avg.) 0.073 0.079 0.081 0.079 0.076 0.411 0.443 0.177

Diversity (1–ARI) 0.927 0.921 0.919 0.921 0.924 0.589 0.557 0.823

Table 5: Adjusted Reproducibility Rates per Ensemble
In this table, the adjusted reproducibility rates for 2– to 5-cluster solutions and several ensembles are shown. The first
column contains the full ensemble with 1,624 individual partitions, while the latter are more and more reduced to
72 partitions (reduced Ensemble F). Additionally, the average ARI and corresponding diversity figures are provided.

The middle part of the table showing the adjusted reproducibility rates (see Equation 13) provides evi-

dence that the three-cluster solution is first-best for two reasons. Firstly, although the reproducibility falls

with an increasing number of segments per definition, the reverse holds true for three segments indepen-

dent of the ensemble under consideration. Secondly, it further delivers the highest absolute values almost

equal to 100.0%. As pointed out by Orme and Johnson (2008), such high reproducibility rates are a clear

indication that the clustering found a reasonable structure of the data. In addition, it can be seen that

the second-best solution is a division into two segments with an average adjusted reproducibility of 91.8%.

40The heatmap in Figure 4b shows the diversity matrix of the reduced Ensemble E with 112 partitions.
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C1 C2 C3 Total

C1 429 0 347 776

C2 0 523 211 734

Total 429 523 558 1,510

Table 6: Cross-Tabulation: Two vs. Three Segments

Table 6 shows the cross-tabulation between the latter and our chosen three-segment solution. It can

be seen that two almost equally-sized segments with 776 and 734 respondents constitute the two-group

solution. Since an increase in the number of segments reduces the inter-cluster variance, two clusters

lead to a higher aggregated F -value (1664.8 vs. 1163.9) in the ANOVA. Nevertheless, in addition to

Table 5, the cross-tabulation provides a further important argument, as to why the three-group solution

is most preferred. That is, in the two-group solution are all price-sensitive consumers assigned to the

first cluster (upper left cell), while all brand-loyal respondents are located in the second segment (cell at

bottom center). Hence, the segments may also be regarded as price-sensitive and brand-loyal. Since the

algorithm was forced to form two groups, however, the waverers are distributed among both segments with

a notable advantage for the first cluster (347 vs. 211). Although the relative attribute importances of the

price-sensitive persons are in the same order as with the three-group solution, the resulting preferences

are more diluted. In the price-sensitive cluster, the average relative importance for the premium amounts

to 59.5%, which equals a decline of 8.3 percentage points (p.p.) or approximately 12.3%. In case of the

brand-loyal segment, the importance for the attribute brand decreases to 24.3% (–2.8 p.p. or –10.3%)

on average, whereas it increases to 23.9% (+5.5 p.p. or +29.8%) for the premium. Thus, by selecting

two clusters, an important market segment that is clearly distinguished from the price-sensitive and the

brand-loyal segment as shown in Table 4 would have been neglected.

Selection of the Ensemble

So far, all analyses provide evidence that three market segments are the first-best representation of the

preference data. The individual group memberships, i.e., the assignments of the individuals to the market

segments, however, generally depend on the selection of the ensemble that is subjected to the consensus

clustering at the final stage. Thus, in this subsection, we take each reduced ensemble from Table 5 as

clustering basis and examine the three-segment solutions. That is, we calculate the relative attribute im-

portances per segment and report the resulting average figures. Furthermore, the number of respondents

in each cluster as well as the corresponding market shares are provided. All results are shown in Table 7.41

The upper part of the table contains both the importances for the one-segment solution that is inde-

pendent of the selected cluster ensemble as well as the results for the full ensemble with 1,624 partitions

41In accordance with the procedure in Section 4, persons exhibiting relative attribute importances larger than two-times the
within-cluster standard deviation are considered as ‘outliers’ and removed from the segments. By doing so, it is ensured
that the results are comparable to those from Table 4.
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from Table 4. At first glance, it can be seen that the price-sensitive, the brand-loyal, and the waverer seg-

ments are obtained under all ensembles. Across the latter, the absolute relative attribute importances are

almost constant for all three segments and reflect the characteristics of the full ensemble. Moreover, for

the price-sensitive as well as the waverer segments, the importance ranking of the six attributes remains

unchanged, while some minor deviations can be observed for the brand-loyal section of the market. Re-

garding the segment sizes, the analysis shows that, except for the reduced ensemble F, the price-sensitive

segment always accounts for the lowest market share amounting to approximately 20.0% to 22.0%. The

market share of the brand-loyal segment, on the other hand, ranges around 26.0% to 33.0%, while the

waverers are associated with market shares between roughly 21.0% and 29.0%. As can be seen from the

last column, the total market share of the segments amounts to approximately 75.0% for all ensembles.

Particularly when comparing the results from the reduced ensembles E and F with the results from the

full ensemble, however, some differences in both the relative attribute importances and market shares can

be observed. This is due to the fact that the former are based on the combination of the six attributes

only, whereas the single attributes were not subjected to the consensus clustering. Consequently, these

ensembles exhibit degrees of diversity that are clearly lower than for the other ensembles (see Table 5).42

To sum up, the results obtained by this sensitivity analysis are a further indication of the robustness of

the three-segment structure.

Number of Respondents

A final validation that the consensus clustering revealed the true structure of the data is to perform it

on a subset of respondents and check whether the results remain stable. Therefore, we randomly pick

1,000 respondents and reconstruct selected ensembles from Table 5. Then, for each of the latter, adjusted

reproducibilities, relative attribute importances, as well as market shares are calculated.

Although the adjusted reproducibility is expected to decrease with an increasing number of clus-

ters κ, Figure 7 shows that the three-cluster solution constitutes an exception. Furthermore, it achieves

the highest absolute adjusted reproducibility values for all ensembles under consideration. In contrast to

the analysis with 2,017 respondents, however, it can be seen that the reduced ensemble A with a total of

784 partitions is associated with the highest adjusted reproducibility (99.4%), whereas it is slightly lower

for the full ensemble with 1,624 partitions (96.3%). Hence, by neglecting diversity and taking the adjusted

reproducibility as single decision criterion, the reduced ensemble A would be the most preferred.43

With respect to the preference structures of the three segments, we were virtually able to recover

the patterns that have been found in the analysis of the whole sample.44 Table 8 shows the averaged

42Recall that diversity is essential to arrive at useful consensus solutions (see Retzer et al., 2009).
43Though, in order to be consistent with the selection for the whole sample, we draw on the segment memberships obtained
from the consensus clustering on the full ensemble for the detailed segment analysis.

44It should be taken into account that a cluster analysis on a subset of respondents is associated with dangers. Even though
the subset is drawn randomly with equal probability for each respondent to be part of it, it might be the case an entire
cluster gets eliminated. This would result in a completely different pattern and not coincide with the results obtained
from the whole sample. With a subset of 1,000 respondents, however, such a danger is minimized.
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Ensemble Segment Premium Term Channel U/W Brand CI Option # Persons Market Share Sum

– Complete 40.95% 7.93% 6.71% 14.95% 16.01% 13.46% 2,017 – 100.00%

Full
(M = 1, 624)

C1 67.83% 4.83% 2.59% 9.55% 6.18% 9.02% 429 21.27% –

C2 18.42% 9.66% 9.88% 18.86% 27.13% 16.05% 523 25.93% –

C3 44.76% 7.32% 5.62% 14.47% 13.26% 14.58% 558 27.66% 74.86%

Red A
(M = 784)

C1 67.76% 4.83% 2.60% 9.57% 6.21% 9.04% 431 21.37% –

C2 18.88% 9.46% 9.76% 18.76% 27.12% 16.02% 535 26.52% –

C3 44.82% 7.31% 5.66% 14.40% 13.06% 14.75% 543 26.92% 74.81%

Red B
(M = 504)

C1 67.69% 4.81% 2.61% 9.53% 6.28% 9.07% 437 21.67% –

C2 19.47% 9.38% 9.63% 18.59% 27.15% 15.79% 551 27.32% –

C3 45.12% 7.36% 5.60% 14.38% 12.63% 14.92% 514 25.48% 74.47%

Red C
(M = 609)

C1 68.50% 4.76% 2.52% 9.40% 6.09% 8.73% 397 19.68% –

C2 18.54% 9.58% 10.01% 18.60% 27.88% 15.39% 522 25.88% –

C3 45.30% 7.19% 5.40% 14.37% 12.64% 15.10% 593 29.40% 74.96%

Red D
(M = 1, 015)

C1 67.82% 4.85% 2.58% 9.54% 6.24% 8.98% 433 21.47% –

C2 18.37% 9.65% 9.86% 18.95% 26.87% 16.29% 522 25.88% –

C3 44.67% 7.27% 5.70% 14.38% 13.36% 14.63% 557 27.62% 74.96%

Red E
(M = 112)

C1 67.94% 4.79% 2.62% 9.46% 6.23% 8.95% 423 20.97% –

C2 23.19% 9.17% 9.09% 18.40% 25.24% 14.91% 656 32.52% –

C3 47.41% 7.23% 5.20% 13.53% 11.57% 15.06% 428 21.22% 74.71%

Red F
(M = 72)

C1 67.94% 4.79% 2.62% 9.46% 6.23% 8.95% 423 20.97% –

C2 23.47% 9.11% 9.09% 18.32% 25.05% 14.95% 664 32.92% –

C3 47.67% 7.26% 5.12% 13.50% 11.46% 14.99% 417 20.67% 74.57%

Table 7: Relative Attribute Importances and Market Shares across Ensembles
This table shows the averaged relative attribute importances for the three market segments across different cluster ensembles (refer to Table 5). Additionally,
the number of persons as well as the corresponding market shares are provided. The first row shows the results for the complete market, i.e., the one-segment
solution, that is independent of the selected ensemble. In order to facilitate comparability, the results for the full ensemble with 1,624 partitions (see Table 4)
are shown in the upper part of the table.
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Figure 7: Adjusted Reproducibility Rates per Ensemble (1,000 Respondents)
This figure shows the adjusted reproducibility rates (in percent) for selected cluster ensembles (refer to Table 5) based
on a randomly drawn subset of 1,000 respondents.

Premium Term Channel U/W Brand CI Option # Persons Market Share

Complete 40.83% 8.16% 6.72% 15.07% 16.17% 13.05% 1,000 –

∆ in p.p. –0.115 +0.232 +0.007 +0.121 +0.161 –0.405 – –

C1 67.38% 5.07% 2.48% 9.30% 6.33% 9.43% 220 22.00%

∆ in p.p. –0.449 +0.236 –0.107 –0.250 +0.154 +0.416 – +0.731

C2 18.81% 10.06% 10.06% 19.76% 26.91% 14.39% 267 26.70%

∆ in p.p. +0.392 +0.403 +0.181 +0.903 –0.215 –1.663 – +0.770

C3 45.11% 7.26% 5.82% 14.27% 13.48% 14.06% 263 26.30%

∆ in p.p. +0.354 –0.061 +0.207 –0.198 +0.221 –0.524 – –1.365

Table 8: Relative Attribute Importances per Segment (1,000 Respondents)
This table shows the averaged relative attribute importances as well as market shares per segment. The first row shows
the one-cluster solution (here denoted as ‘Complete’) that contains all 1,000 respondents. Furthermore, ∆ denotes the
differences (in percentage points) against the full ensemble of the whole sample with 2,017 respondents.

30



Working Papers on Risk Management and Insurance, No. 158 – September 2014

relative attribute importances and market shares for the resulting segments. As can be seen from the

first row, both the absolute relative attribute importances and the ranking of the six attributes remain

nearly unchanged compared to the whole sample (refer to Table 4). The respondents belonging to the

first segment (C1) account for the almost same market share (22.0% vs. 21.3%) and exhibit a similar

price sensitivity. As with the whole sample, the remaining five attributes can virtually be neglected.

Regarding the brand, we find an average relative attribute importance for the second segment (C2) of

26.9% that coincides with the results of all 2,017 respondents. The same holds true for the market share

(26.7% compared to 25.9%). Moreover, the ranking of the product attributes remains unchanged with

the insurance premium being the third most important attribute (18.8% vs. 18.4%). Another similarity

is that the waverers with a market share of 26.3% (whole sample: 27.7%) have preference structures that

adopt an intermediate position between the price-sensitive and brand-loyal cluster. In accordance with

the results shown in Table 4, these respondents almost resemble the one-segment solution as can be seen

from rows one and four. Finally, regarding the aggregated market share of the three segments, it becomes

clear that the analysis of the subset (75.0%) provides the same result as the whole sample (74.9%).

6 Summary and Conclusion

We resort to preference data of 2,017 consumers for German term life insurance obtained by Braun et al.

(2014) through a CBC experiment with HB estimation. Since the individual-level part-worth profiles

indicate that a noteworthy degree of heterogeneity among the respondents exists, we run a benefit seg-

mentation analysis in order to reveal distinguishable market segments. Our discussion starts with a brief

explanation of the choice experiment and the chosen term life product characteristics. In the next step,

a wide variety of hierarchical and partitioning clustering techniques with various linkage criterions and

starting points is introduced. Then, the solutions obtained by these individual strategies on a combination

of clustering bases are merged into a diverse cluster ensemble composed of 1,624 individual partitions.

Finally, the ensemble is subjected to a so-called consensus clustering algorithm from the k-means family.

Our analysis revealed three market segments characterized by unique preference structures as well

as a large number of respondents that may be considered as particular cases. The price-sensitive re-

spondents belonging to the first market segment are clearly driven by the insurance premium and attach

almost no attention to the nonprice product characteristics. In particular the brand of the offering com-

pany is virtually irrelevant. Consumers in the second segment, in contrast, are primarily characterized

by a high degree of brand loyalty. Furthermore, they exhibit a relatively high attribute importance

for the insurer’s underwriting policy and the presence of a CI option. Compared to the price-sensitive

segment, however, the insurance premium plays a minor role only. The market is complemented by a

third segment that takes on an intermediate position between these two clusters. Regarding the relative

attribute importances, these respondents demonstrate the most balanced preferences and thus, may be

considered as waverers. Apart from the nonprice product characteristics, they also focus on the premium.
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The obtained results are of major importance for term life insurance providers operating in the

German market for several reasons. Firstly, both brand insurers and companies with a less prestigious or

even a noninsurance brand are faced with two market segments that almost perfectly fit their provider

profiles. For brand insurers, it is recommended to focus on the second market segment with the low price-

sensitivity, while lesser-known insurers and noninsurance firms should focus on the customers belonging

to the first segment that assign almost no importance to the brand. By doing so, it is ensured that

the needs of the customers are properly addressed and the probability for the firms’ future success in

the German marketplace is increased. Secondly, the third segment comprising the undecided waverers

with a well-balanced preference structure offers the greatest potential to gain new customers beyond

the traditional focus groups for all providers. Therefore, an extension of the existing product portfolio

with the aim to attract the individuals from this hybrid cluster is likely to lead to an enhanced market

power. Finally, only term life providers with a sound knowledge of the individual preference structures

will be able to improve existing policies and develop new products that are optimally tailored to the

specific segments. This will further result in a competitive advantage and thus, a larger revenue and

profit potential.
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7 Appendix

Levels for the Attribute Insurance Premium

Nonsmoker Premium Levels (in EUR)

Group Age Very Low Low Medium High Very High

1 20-29 3.00 6.00 9.00 12.00 15.00

2 30-39 5.00 10.00 15.00 20.00 25.00

3 40-44 7.00 14.00 21.00 28.00 35.00

4 45-49 10.00 20.00 30.00 40.00 50.00

5 50-54 20.00 40.00 60.00 80.00 100.00

Smoker Premium Levels (in EUR)

Group Age Very Low Low Medium High Very High

6 20-29 5.00 8.75 12.50 16.25 20.00

7 30-39 10.00 17.50 25.00 32.50 40.00

8 40-44 20.00 35.00 50.00 65.00 80.00

9 45-49 30.00 52.50 75.00 97.50 120.00

10 50-54 60.00 105.00 150.00 195.00 240.00

Table 9: Insurance Premium Levels for the Ten Mortality Risk Groups
This table shows the insurance premium levels for the ten mortality risk groups in the experiment of Braun et al. (2014).

Illustration of Consensus Method

The approach undertaken in this paper has originally been proposed by Strehl and Ghosh (2002) and

later adapted by Orme and Johnson (2008) who suggest the following steps. Firstly, a diverse ensem-

ble composed of multiple clustering solutions derived by the methods explained in Section 3 has to be

generated. In a second step, for each partition Pi (i = 1, ...,M) and individual j (j = 1, ..., n), the

assigned group labels (e.g., 1, 2 for a two-group solution) are transformed into a dummy coding such

that every group is represented by a single column in a dummy matrix. In the latter, a “1” indicates

“group member” whereas a “0” stands for “no group member”. The so-called indicator matrix is then

assembled from the M dummy matrices. In contrast to Strehl and Ghosh (2002) who employ a so-called

graph partitioning approach to achieve correspondence between the labels among the individual solutions,

however, Orme and Johnson (2008) refrain from this step. Instead, they suggest to directly cluster on the

indicator matrix by taking the columns as new clustering variables. Such an approach may be regarded

as clustering on clusters.
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This short example is to illustrate how the input matrix for the employed consensus clustering is

generated.45 Let’s assume that we have a total of five respondents j (n = 5) and our ensemble is

composed of four solutions (M = 4) that look as follows:

j P1 P2 P3 P4

1 2 1 2 2

2 3 1 4 2

3 3 2 3 1

4 2 2 2 1

5 1 1 1 2

Table 10: Individual Group Memberships in an Exemplary Cluster Ensemble

From Table 10, it can be seen that solutions P2 and P4 are two-group solutions with inverse labeling,

P1 is a three-group solution, and P3 a four-group solution. By applying the above explained dummy

coding to solution P1, we obtain the following three-column matrix:

j c1 c2 c3

1 0 1 0

2 0 0 1

3 0 0 1

4 0 1 0

5 1 0 0

Table 11: Dummy Coding per Group for Ensemble Partition P1

After all M ensemble partitions have been converted into the form of Table 11, the so-called indicator

matrix, on which the final consensus clustering is performed, results. In case of our example, the indicator

matrix is shown in Table 12.

j P1 P2 P3 P4

1 0 1 0 1 0 0 1 0 0 0 1

2 0 0 1 1 0 0 0 0 1 0 1

3 0 0 1 0 1 0 0 1 0 1 0

4 0 1 0 0 1 0 1 0 0 1 0

5 1 0 0 1 0 1 0 0 0 0 1

Table 12: Indicator Matrix of Cluster Ensemble

45The following setting has been adopted from Orme and Johnson (2008) with only slight variations.
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