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Abstract—Unbalanced cluster solutions are affected by very
different cluster sizes, with some clusters being very large
while others contain almost no data. We demonstrate that this
phenomenon is connected to ‘hubness’, a recently discovered
general problem of machine learning in high dimensional data
spaces. Hub objects have a small distance to an exceptionally large
number of data points, and anti-hubs are far from all other data
points. In an empirical study of K–medoids clustering we show
that hubness gives rise to very unbalanced cluster sizes resulting
in impaired internal and external evaluation indices. We compare
three methods which reduce hubness in the distance spaces and
show that with the balancing of the clusters evaluation indices
improve. This is done using artificial and real data sets from
diverse domains.

I.

I NTRODUCTION

In a number of recent publications hubness has been
introduced and discussed as a new aspect of the curse of
dimensionality [1], [2], [3]. Hub objects are data points which
have a small distance to many other data points in high
dimensional data spaces which is related to the phenomenon
of concentration of distances. This behavior has a negative
impact on many machine learning tasks including classification
[1], nearest neighbor based recommendation [4] and retrieval
[5], outlier detection [1], [6] and also first results on their
influence on clustering exist [7]. Since clustering algorithms
aim at finding groups of similar objects it is evident that hub
objects, being similar to very many objects, have a decisive
impact on all forms of clustering. In this paper we investigate
the impact of hubs on K–medoids, a partitional clustering
algorithm. Our general hypothesis is that hub points are very
likely to be selected as cluster centers since per definition they
have a small distance to a large number of data points. As a
consequence, hub points acting as cluster centers aggregate too
large portions of the data in individual clusters. This results
in unsatisfactory and unbalanced clusterings as it has already
been observed to occur in high dimensions [8].
This paper is the first to connect this unbalancing effect to
the phenomenon of hubness in high dimensional data spaces.
We demonstrate the effect on artificial as well as on real
data and evaluate three unsupervised methods to remove hubs
and balance the clusterings: local scaling (LS, [9]), mutual
proximity (MP, [2]) and shared nearest neighbors (SNN, [10]).
II.

R ELATED W ORK

The ‘hubness’ phenomenon is a general problem of machine learning in high-dimensional data spaces and as such yet
another aspect of the curse of dimensionality [11]. Hubs are

data points which keep appearing unwontedly often as nearest
neighbors of a large number of other data points. The hub
problem has been linked [1] to the property of concentration
[12] which occurs as a natural consequence of high dimensionality. Concentration is the surprising characteristic of all
points in a high dimensional space to be at almost the same
distance to all other points in that space. It is usually measured
as a ratio between spread and magnitude, e.g. the ratio between
the standard deviation of all distances to an arbitrary reference
point and the mean of these distances. If the standard deviation
stays more or less constant with growing dimensionality, while
the mean keeps growing, the ratio converges to zero with
dimensionality going to infinity. In such a case it is said that
the distances concentrate. This has been studied for Euclidean
spaces and other `p norms [13], [12]. It has been argued
[1] that in the finite case, some points are expected to be
closer to the center than other points and are at the same time
closer, on average, to all other points. Such points closer to the
center have a high probability of being hubs, i.e. of appearing
in nearest neighbor lists of many other points. Points which
are further away from the center have a high probability of
being ‘anti-hubs’, i.e. points that never appear in any nearest
neighbor list. It is also important to note that the degree of
concentration and hubness is linked to the intrinsic rather than
extrinsic dimension of the data space. Whereas the extrinsic
dimension is the actual number of dimensions of a data space
the intrinsic dimension is the, often much smaller, number of
dimensions necessary to represent a feature space without loss
of information.
The same authors [1] also argue that hubness impacts
both inter– and intra–cluster distances. Hubs are expected to
be close to many other data points, including points from
other clusters and hence reduce inter-cluster distances. On
the other hand anti-hubs are far away from all other data
points, including points from clusters to which they belong,
thereby increasing intra-cluster distances. This effect has been
demonstrated with lower silhouette indices for hubs and antihubs compared to random points on eight data sets using
spectral clustering [1]. It has also been tried to exploit the
hubness phenomenon for clustering high-dimensional data by
using hub points as cluster centers in hubness-aware clustering
algorithms [7]. Results look promising for data with high levels
of noise while results on non-noisy data are rather mixed.
Established approaches to achieve high-dimensional clustering
are subspace, projected and correlation clustering all searching
for solutions in some lower dimensional data space (see [14]
for an overview). There are pointers in the literature that K–
means clustering “generates some clusters that are empty or

extremely small, specially when the data is in high dimensional
(>100) space” [8]. Although a number of methods that counter
this unbalancing effect have been published [15], [16], [17],
[18], [19], [20], no connection to the concentration of distances
or hubness has yet been established.
Two methods (local scaling (LS) and mutual proximity
(MP)) which are able to attenuate the negative effects of
hubness by repairing asymmetric nearest neighbor relations
have been proposed [2]. The asymmetric relations are a direct
consequence of the presence of hubs since a hub y is the
nearest neighbor of x, but the nearest neighbor of the hub y is
another point a (a 6= x). This is because hubs are by definition
nearest neighbors to very many data points but only a fixed
number of data points can be the k-nearest neighbors to a hub.
Thus a small distance between two objects should be returned
only if their nearest neighbors concur. The positive impact of
LS and MP was measured in a decrease of hubness and an
accuracy increase in k-nearest neighbor classification experiments. The somewhat related classic shared nearest neighbors
method (SNN) has recently been evaluated concerning its
ability to ’defeat’ the curse of dimensionality [21]. SNN and
its impact on hubness have been studied for nearest neighbor
classification [22] and compared to LS and MP [23]. It was
shown that SNN does reduce hubness but less than LS and MP
and that it is not able to improve classification accuracy for
all of the data sets used in the study. A different approach
to reduce hubness is to center the data either locally or
globally [24]. This gives nearest neighbor classification results
comparable to LS and MP when applied to text data. It has also
been tried [25] to use lp norms different than the ubiquitous
Euclidean l2 norm for computation of nearest neighbor lists
to avoid the negative effects of hubness. This approach also
yields lower hubness values and increased nearest neighbor
classification for a range of real world data sets. Comparison
of using different lp norms to LS, MP and SNN shows [26]
that it is highly problem dependent which of the approaches
works best for a given data set.

Cluster Quality Benchmarks: We use the following indices to measure the strength of hubness as well as the quality
of clustering solutions.
Hubness (S n ): To compute hubness we first define On (x) as
the n-occurrence of point x, that is, the number of times x
occurs in the n-nearest neighbor lists of all other objects in
the collection. Hubness is then defined as the skewness of the
distribution of n-occurrences, On :


E (On − µOn )3
n
S =
.
(1)
3
σO
n
A data set having high hubness produces few hub objects with
very high n-occurrence and many anti-hubs with n-occurrence
of zero. This makes the distribution of n-occurrences skewed
with positive skewness indicating high hubness.
Goodman–Kruskal index: The Goodman–Kruskal index [28] is
an internal clustering quality measure that relates the number
of concordant (Qc ) and discordant (Qd ) quadruples found in
the data set by comparing their distances (D). A quadruple is
concordant if the items x, y are from the same cluster, items
u, v are from different clusters and Dx,y < Du,v , they are
discordant if Dx,y > Du,v . IGK is then defined for a cluster
configuration Ω:
Qc − Qd
IGK (Ω) =
.
(2)
Qc + Qd
IGK is bounded to the interval [−1, 1], and the higher IGK , the
more concordant and fewer discordant quadruples are present
in the data set. Thus a large index value indicates a good
clustering (in terms of pairwise stability—see [29]).
Purity: To compute purity [30], each cluster ω is assigned
to the class which is most frequent in the cluster, and then
the accuracy of this assignment is measured by counting the
number of correctly assigned data and dividing by N :
1 X
max |ωk ∩ cj |.
(3)
purity(Ω, C) =
j
N
k

III.

M ETHODS

Before performing this study we briefly introduce all
methods and evaluation measures used in this work. We will
use C to denote the set of classes C = {c1 , c2 , . . . , cJ }, and
Ω to denote the set of clusters Ω = {ω1 , ω2 , . . . , ωK }. The
number of items in the data set will be denoted with N , the
extrinsic dimensionality of our data spaces by d.
K–medoids: The K–medoids algorithm [27] is a classic
partitional clustering algorithm which clusters a data set of
N objects into K clusters. In contrast to K–means clustering,
the algorithm works by selecting points (medoids) from the
data as cluster centers which have a minimal distance to the
points in the cluster. A medoid is defined as an object of
a cluster ωk with the minimal average distance to all the
objects in the cluster. It is the most centrally located point
in the cluster. K–medoids works with an arbitrary matrix of
distances between data points and was shown to be robust to
noise and outliers. Please note that we initialize K–medoids
randomly and use the same initialization when we compare
two cluster configurations build on the same data but with
different distance measures. All results are usually averaged
over multiple runs (30–100) of K–medoids.

Mutual Information: Mutual information [30] is an information
theoretic clustering benchmark. It measures the degree of dependency between a cluster configuration Ω and its classes C.
We use the mutual information criterion because it successfully
captures how related the labeling and clustering are without a
bias towards smaller clusters [31]. It is defined for a cluster
configuration (Ω) and a class labeling (C) as:
X X |ωk ∩ cj |
N |ωk ∩ cj |
log
.
(4)
I(Ω, C) =
N
|ωk ||cj |
j
k

Removing Hubs: We briefly introduce the three methods
we use to remove hubs by re-scaling the whole distance matrix
and transforming each distance1 .
Local Scaling (LS): Local scaling [9] transforms arbitrary
distances to so-called affinities (i.e. similarities) according to:


Dx,y 2
LS(Dx,y ) = exp −
,
(5)
σx σy
1 Matlab scripts for hubness analysis including Local Scaling and Mutual
Proximity are available for download on our web page:
http://ofai.at/research/impml/projects/hubology.html
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Fig. 1. With increasing dimensionality, the measured `2 distances concentrate and the hubness effect becomes more pronounced. All three methods, LS (red),
MP (blue) and LS (green), seem to be a viable method to reduce hubness.

where σx denotes the distance between object x and its
k’th nearest neighbor. LS(Dx,y ) tends to make neighborhood
relations more symmetric by including local distance statistics
of both data points x and y in the scaling. Contrary to [9],
who propose to use LS with k = 7, we use LS with a k = 10,
as it returned the best and most stable results.
Mutual Proximity (MP): MP [2] reinterprets the original
distance space so that two objects sharing similar nearest
neighbors are more closely tied to each other, while two objects
with dissimilar neighborhoods are repelled from each other.
This is done by transforming the distance of two objects into
a mutual proximity in terms of their distribution of distances.
To compute MP, we assume that the distances Dx,i=1..N from
an object x to all other objects in our data set follow a
certain probability distribution, thus any distance Dx,y can be
reinterpreted as the probability of y being the nearest neighbor
of x, given their distance Dx,y and the probability distribution
P (X). In this work we assume that the distances Dx,i=1..N
follow a Gaussian distribution. Previous results [2] have shown
that MP is very robust with respect to the choice of P (X). MP
is defined as the probability that y is the nearest neighbor of
x given P (X) and x is the nearest neighbor of y given P (Y ):
M P (Dx,y ) = P (X > Dx,y ∩ Y > Dy,x ).

(6)

Shared Nearest Neighbors (SNN): SNN [10] also uses the
neighborhood information to help enforce pairwise stability. In
contrast to LS and MP which scale the distance space, SNN is
computed as a set intersection of the k-nearest neighbor lists
N N of two objects x, y:
SN N (x, y) = |N N (x) ∩ N N (y)|.

(7)

This way SNN strictly strengthens symmetric nearest
neighbor relations which in turn should also manifest itself
in a reduction of hubness. We use SNN with k = 50 (see
Sect. V for more information).
Computing 1−LS, 1−M P and 1−SN N turns the above
similarities into distance measures. As to computational costs,
both LS and SNN require knowledge of a certain number of
nearest neighbors and therefore have to use the full N × N
distance matrix. For MP, the Gaussian distribution parameters
can be effectively estimated based on a small fraction of
randomly selected data points S. It is therefore only necessary

to compute a distance matrix of size N × S, with S being as
small as thirty [2].
IV.

E XPERIMENTS WITH A RTIFICIAL DATA

In our experiments we use uniformly distributed data
randomly sampled from a d-dimensional unit cube. We start
by generating two dimensional data (d = 2) and gradually
increase the data dimensionality to d = 100, sampling N =
2 000 data points and averaging our measurements of distance
concentration and hubness over 100 repetitions. We use the
Euclidean distances (`2 norm). In Fig. 1.a and 1.b we can
see that with increasing dimensionality, the distances clearly
concentrate. At the same time the measured hubness (Fig. 1.c)
increases steadily up to a value of 5, which already indicates a
strong skewness of the On –occurrences. The figure also shows
the impact of using LS (red line), MP (blue) and SNN (green)
on the distances (Fig 1.c). The measured hubness declines to
very low values.
The Effect of Increasing Dimensionality on Clustering:
Clustering uniformly distributed data in K clusters should
yield a set of K equally sized clusters Ω. Looking at Fig. 2.a.1,
which depicts the result of a K–medoids clustering of N =
2 000 uniformly distributed data points in the two dimensional
space, this is exactly what happens. Figure 2.a.2 shows that
K = 15 clusters of roughly the same size are found (their size
is about N/K = 133.3̇). However in the high dimensional
space (d = 100) the same experiment yields very unbalanced
cluster sizes (a schematic plot2 based on the cluster sizes of
the obtained cluster configuration is shown in Fig. 2.b.1). From
the cluster size histogram (Fig. 2.b.2) we see that the largest
cluster suddenly attracts over 400 points, while the smallest
cluster only contains three data points. When applying LS, MP
or SNN to reduce hubness two things can be seen to happen
in the high dimensional case (see Fig. 2.c): (i) the cluster sizes
are much more balanced compared to the original clustering
and (ii) the large cluster attracting more than 400 points and
the smallest cluster with only three points vanished.

2 Since it is not possible to visualize a one hundred dimensional data space
we provide this schematic plot as an illustration.
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Fig. 2. Visualization of clustering artificial uniformly distributed data: (a) in the two-dimensional, and (b) 100-dimensional case. Effects of reducing hubness
shown in (c).

The Relation of Hubs and Cluster Medoids: In our next
experiment we investigate to what degree hubs are responsible
for the skewed cluster sizes by examining if hub points are
more often selected as medoids than other points. We again
increase the dimensionality of our artificial data from d = 2
to d = 100 and check if the medoid of (i) the largest cluster
(ωmax ) and (ii) any cluster (ωK ) is the biggest hub point in the
respective data space. Note that assumption (i) is a very strict
one, as we check if a single point with highest On=5 value
in a dataset of N = 2000 points is selected as the medoid
of the largest cluster of K = 15 clusters. Figure 3 shows the
result of the clustering experiment (averaged over 100 runs).

The blue line displays the percentage of times the largest hub
was in fact the medoid of the largest cluster at a given feature
dimension, the red line tracks the percentage the largest hub
is chosen as a medoid of any of the clusters. In both cases
high dimensionality (and hubness) yields very high numbers
for both measurements. At d = 100 the largest hub is found
as medoid of the largest cluster in over 80% of the cases,
while the hub is almost always (> 95% of the time) chosen
as medoid of one of the 15 clusters.
Summary of Experiments with Artificial Data: To
summarize our experiments with artificial data, we made the
following observations: (i) in high dimensions, and with high
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Fig. 3. Percentage of instances where the largest hub object is identical with the medoid of the largest cluster (blue) or any (red) of the clusters (y-axis) vs.
dimensionality d (x-axis).

hubness, highly unbalanced clusters (in terms of their size)
emerge; (ii) hubs tend to be selected as the medoid of these
clusters; (iii) reducing hubness has a balancing effect on the
resulting clustering with artificially generated data.
V.

E XPERIMENTS WITH R EAL DATA

For the experiments with real data we examine six standard
machine learning datasets from different domains showing
high hubness: (i) dexter, dorothea, mini-newsgroups (UCI,
[32]), (ii) splice, dna (LibSVM, [33]), (iii) c1ka-twitter (CP,
[34]). Whereas dexter, mini-newsgroups and c1ka-twitter are
text-based data sets, dorothea, splice and dna contain data from
biological domains.
The selected data sets are characterized in more detail in
Tab. I. Each set is described by its number of classes (Cls), its
size (N), its extrinsic (d) and intrinsic (dmle ) data dimension
and the distance measure used (column Distance). To measure
the intrinsic data dimension we use the maximum likelihood
estimator proposed by [35]. We sorted the table according to
the hubness (S n=5 ) of each dataset. We also show the reduced
hubness when using LS, MP and SNN. Since the performance
of SNN varies with the selected k, depending on the size of
the collection and individual class sizes, we did a range search
for k = 5, 10, 20, . . . , 50 in all six databases. We found that
performance plateaued at k = 50 for all tested databases.
Medoids and Hubs: In a first experiment with the real data
sets, we examine our hypothesis that hubs tend to be selected
as medoids. The setup is similar to the one with artificial
data which we conducted in Sect. IV, but this time we vary
the number of clusters since the different data sets already
show varying degrees of intrinsic dimensionality. We track the
largest hub in each data set to check if it gets selected as a
medoid. The result of this experiment is shown in Fig. 4 where
the impact of hubs on the medoid set is clearly visible: the
higher the hubness of the data set (cf. S n=5 in Tab. I), the more
likely the largest hub is selected as a medoid. For the three
data sets with the largest measured hubness (dna, c1ka-twitter,
dorothea), the largest hub is always among the medoids. For
data sets mini-newsgroups and splice the largest hub is one of

the medoids in about 80% to 100%. Only with dexter, having
the lowest hubness value, the percentage decreases below 50%.
Clustering and Hubs in Real Data Sets: The next
experiment investigates the real data sets in more depth by
concurrently evaluating internal as well as external clustering
measures for the original data, LS, MP and SNN. We increase
the number of clusters from K = 2 . . . 50. In each iteration we
compute internal as well as external benchmarks and compare
them to the configurations created when reducing hubs in the
data (see Sect. III for details). Figure 5 shows the results, please
note the different scales in the plots for the different data sets
and measures in these figures.
The first column in Fig. 5 shows the size of the largest
cluster (relative to the size of the data set: |ωmax |/N ) for all
six data sets. Due to the unbalancing effect of hubs, the size
of the largest cluster stays constantly high at some level in the
original distance space (black line). In the extreme case of data
set c1ka-twitter, a single cluster attracts over 80% of all data
points, even when clustering with K = 50 clusters where we
would expect to see cluster sizes around 2%. For all data sets,
the size of the largest cluster is far above the expected value
of K/N with results being worst for data sets with highest
hubness (dorothea, c1ka-twitter, dna). Results after reducing
hubness before clustering (using LS (red line), MP (blue line)
or SNN (green line)) are much closer to these expected values
and always well below the highly unbalanced results for the
original data.
The second column in Fig. 5 shows the Goodman–Kruskal
index as an internal measure of cluster quality. Results for
the original distance spaces (black line) are very low for all
six data sets with all of the three hubness reducing methods
decisively improving the results and SNN performing best for
4 out of 6 data sets. Results for the original distance space
are again worst for data sets with highest hubness (dorothea,
c1ka-twitter, dna).
The third and fourth columns in Fig. 5 show the external
benchmark measures purity and mutual information based on
class label information. We observe that results for the three
hubness reducing methods across all data sets (colored lines)
are above results for original distance spaces (black lines) in

TABLE I.

S ELECTED DATA SETS ORDERED BY ASCENDING HUBNESS (S n=5 ) OF THE DISTANCE SPACE .

Name
dexter
splice
mini-newsgroups
dorothea
c1ka-twitter
dna

Cls
2
2
20
2
17
3

N
300
1 000
2 000
800
969
2 000

d
20 000
60
8 811
100 000
49 820
180

dmle
161
27
188
201
46
33

Dist.
cos
`2
cos
`2
cos
cos

S n=5
4.22
4.55
5.14
12.91
14.63
16.52

n=5
SM
P
0.13
0.48
0.60
1.66
1.79
0.59

n=5
SLS
1.41
1.18
0.93
1.23
3.42
1.31

n=5
SSN
N
1.65
1.34
1.13
0.82
1.39
1.28
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32 out of 36 cases. Exceptions are SNN for dorothea and
purity, LS and SNN for dexter and mutual information, SNN
for dorothea and mutual information. The improved purity and
mutual information measures show that LS, MP and SNN not
only decrease hubness and create better cluster solutions but
also that these clusters are more meaningful in terms of the
corresponding class label information. We also note that at very
low number of clusters (K) the negative effects of hubs are not
that pronounced and sometimes applying some of the hubness
reducing methods yields even worse cluster configurations. If
the data is labeled into J classes, one strategy of clustering is
to set the number of clusters K equal to J. But very often this
class information does not directly correspond to the number
and size of clusters to be discovered, since data from one class
may form multiple clusters. Most of the six data sets used in
this study are labeled into only two or three classes (see Tab. I).
This seems to be the reason why external evaluation criteria
based on class labels do not always show improved results at
low numbers of clusters even for high dimensional data.
Summary of Experiments with Real Data: The results
of our experiments examining the impact of hubs on clustering
real data sets confirm the effects identified in our experiments
with artificial data, but also further indicate that hub reducing
methods like LS, MP or SNN are increasing the quality of the
clustering measured with internal as well as external measures.
All three methods seem to be a viable solution to ‘defeat’ the
curse of dimensionality and unbalanced cluster sizes in K–
medoids clustering.
VI.

C ONCLUSION

This work conducted an analysis of the impact of hubness
on medoid-based partitional clustering in high dimensional
data sets. In our study we used artificial as well as real data

sets to show that: (i) hubs are very likely to be chosen as
cluster medoids, (ii) these hub-medoids are responsible for
very large unbalanced clusters, (iii) this results in impaired
internal and external cluster quality measures. In addition to
demonstrating these effects we applied three different methods
to reduce hubness before clustering as a preprocessing step. All
three hubness reduction methods, Local Scaling (LS), Mutual
Proximity (MP) and Shared Nearest Neighbors (SNN), are
able to decisively reduce these problems and lead to better
clustering results.
Our study used the partitional clustering algorithm of Kmedoids but other cluster algorithms aiming at minimizing
intra-cluster distances to a centroid are very likely to be
effected in an equal manner. Since negative effects of hubs are
most visible when clustering with a high number of clusters,
reducing hubness could probably be most important when
creating fine-grained hierarchical clusters of high dimensional
data (e.g. phylogenetic trees of DNA sequences). In future
work we will compare our approach to methods that directly
constrain cluster sizes to make them balanced as well as
to established approaches to cluster high-dimensional data
like subspace, projected or correlation clustering. It will also
be interesting to investigate to what extent these alternative
methods influence and possibly reduce hubness.
The phenomenon of hubness as another aspect of the curse
of dimensionality is still a rather new topic within the field of
machine learning. In this paper we were able to demonstrate
the so far unknown unbalancing effect of hubness on clustering
high dimensional data. At the same time we presented the
possible remedy of pre-processing the data to reduce hubness
before clustering.
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