
In future work we will take into consideration more the-
oretical aspects of the hub/“orphan” properties and similar-
ity concentration, providing a sounder theoretical backing
for the described relationships. Furthermore, it would be
interesting to examine why some approaches [9, 17, 19]
tend to produce less hubs, by relating to the intrinsic di-
mensionality of the space they produce (i.e., to consider
the proposed framework in explaining these approaches
and understanding their reported properties). We also plan
to conduct an extended experimental evaluation involving
more similarity measures and data collections, giving more
precise quanti�cation of relationships between high dimen-
sionality and the aforementioned properties of (spectral)
similarity measures. Finally, we will develop novel miti-
gation methods for the problems induced by the existence
of excessive hubs and “orphans”. In particular, we will ex-
amine machine learning methods that apply correction to
spectral similarity measures in order to take into account
that retrieval error may not be distributed uniformly (as
exempli�ed in Section 4.2), thus focusing on hubs as the
main source of error, and in order to enable “orphans” to
participate more prominently as nearest neighbors.
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