














Measure Componet Set

Nχ2
r

C44,C18,C43,C56

C62,C40

C42,C63

C82,C01,C26

C85,C93,C84

C68,C29

C21,C22

Nχ2 C82,C01,C26

C21,C22

342,180
C85,C93,C84

C42,C63

C62,C40

C44,C18,C43,C56

C57,C92

C68,C29

SIM C85,C93,C84

552,545
342,180,101
C62,C40,C44
C42,C63

C82,C01,C26

C21,C22

C57,C92

C18,C43

Table 4: Component clusters in the dendograms that
can be suggested to a domain expert as potential
component bundles. Bold indicates sets that are
common across all 3 measures, italic indicates sets that
occur in at least 2 dendograms.

we would expect to see stronger dependencies. While
the final decision about the appropriateness of clusters
has to be done by a domain expert, we feel confident
that our methodology can provide a good set of candi-
date component bundles for closer examination.

6 Discussion and Conclusion

We presented an analytical approach that can guide the
design of appropriate bundles of components for com-
plex products such as trucks. While the task is very
relevant in practice, there is no clear measure of per-
formance and the validity of the results can only be
assessed based on domain specific information or by
a domain expert. We suggest a novel approach that
compines hierarchical clustering and a similarity mea-
sure based on mutual information, adjusting for the
number of options and combining it with statistical sig-
nificance. While the adjustment for the number of op-
tions shows a strong effect on the similarity measure, in-
corporating the p-values has a minor effect if the dataset
is large. In this case most p-values are close to zero.

Using our similarity measure to assess dependencies be-
tween customer choices we can identify meaningful can-
didate sets of components. We are not aware of studies
that investigate issues of similarity scaling and distri-
bution in the context of different clustering approaches
and hope to address this topic in future work.
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