Cost-Effective Clustering through Active Feature-value Aquisition

Abstract vendors. Since individual feature values may provide vary-

ing levels of information about the underlying clusterirfg o

Many datasets include feature values that are missing but
may be acquired at a cost. In this paper, we consider the
clustering task for such datasets, and address the problem
of acquiring missing feature values that improve clustgrin
quality in a cost-effective manner. Since acquiring allsnis
ing information may be unnecessarily expensive, we propose
a framework for iteratively selecting feature values treat r
sult in highest improvements in clustering quality per unit
cost. Our framework can be adapted to different clustering
algorithms, and we illustrate it in the context of two popu-
lar methods, K-Means and hierarchical agglomerative clus-
tering. Experimental results on several datasets denatastr
clustering accuracy improvements provided by the proposed
framework over random acquisition. Additional experingent
demonstrate the performance of the framework for different
cost structures, and explore several alternative forrnauat

of the acquisition strategy.

customers, choosing which feature values to acquire fdr eac
customer is an important decision; as buying information
for all customers with missing features may be prohibitivel
expensive, while randomly querying a subset of these cus-
tomers is often not optimal.

In this paper, we address the problemaative feature-
value acquisition(AFA) for clustering: given a cluster-
ing of incomplete data, the task is to select feature val-
ues which, when acquired, are likely to provide the high-
est improvement in clustering quality with respect to ac-
quisition cost. To the best of our knowledge, this general
problem has not been considered previously, as prior re-
search on active learning for clustering focused either on
acquiring pairwise distances (Hofmann & Buhmann 1998;
Buhmann & Zoller 2000) or cluster labels for complete in-

stances (Basu, Banerjee, & Mooney 2004). Both of these
scenarios can be viewed as instantiations of the general AFA
task, with missing feature values corresponding to either

In many data mining and machine learning tasks, datasets pairwise _dlstances or latent cluster labels. .
include instances that have missing feature values which  1he primary challenge of the overall AFA problem in the
are initially unknown, but can be acquired at a cost. How- Clustering setting lies in the difficulty of estimating thelve
ever, both the acquisition cost and the usefulness with re- Of & potential acquisition in the absence of any supervision
spect to the learning task may vary dramatically for differ- N Prévious work, the AFA task was studied only farper-
ent feature values. While this observation has inspired a Visedleaming, where missing feature values are acquired
number of approaches for active and cost-sensitive legrnin N @ cost-.effectlve manner fpr training classification mpd-
most work in these areas has focused on classification set- /S (Melville et al. 2005). Since this approach was using
tings. Yet, the problem of obtaining most useful missing SUPervised data to estimate the expected improvement in
data cost-effectively is equally important in unsuperdise Model accuracy for the possible acquisitions, it cannot be
settings, such as clustering, since the amount by which ac- @PPlied to clustering where no supervision is availablés Th
quired information may improve performance varies signif- Paper describes several avenues for formulating acquisiti
icantly across instances and features. strategies based on expected utility in clustering sedting

In business domains, for example, clustering algorithms ~ We consider several utility measures for estimating the
are commonly used to discover potential groups of cus- expected contribution of an acquisition to clustenng_ dual
tomers for which companies can employ different direct and demonstrate that the optimal choice of a utility mea-
marketing or pricing polices. However, some individual Sure is affected by the particular clustering algorithm and
features values of particular instances (customers) may be the desired performance metric. Specifically, we present an
missing, which results in the degradation of clustering per instantiation .o.f our overall framework for K-means fpr two
formance. This missing information can often be acquired classes of utility measures: one based on the objective func

by contacting customers or by purchasing it from third party tion for the clustering algorithm at hand, and another based
on the stability of the current clustering configuration. £m

pirical results on several datasets demonstrate that gikeh u
ity functions are effective at identifying missing featwsad-
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ues which, when acquired, improve clustering quality per
unit cost significantly faster than random acquisitions. In
additional experiments, we show that our framework per-
forms consistently for different costs distributions atutly
how to adapt the framework to the hierarchical agglomera-
tive clustering algorithm.

Task definition and algorithm
AFA framework for clustering

The clustering task is traditionally defined as the problém o
partitioning a set of instances into disjoint subsets, os<l
ters, where each cluster contains similar instances. As dis
cussed in the previous section, we focus our attention on
clustering in domains where instances include missing fea-
ture values. Given a dataset consistingrofi-dimensional
instances, we represent it by am-by-n data matrix X,
wherex;; corresponds to the value of thieh feature of the
i-th instance. Initially, the data matriX is incomplete, i.e.,

its elements corresponding to missing values are undefined.

For each missing feature valug;, there is a correspond-
ing costC;; at which it can be acquired. Let; refer to
the query for the value of;;. Then, the general task of ac-
tive feature-value acquisition is the problem of selectimg
instance-feature query that will result in the highestéase
in clustering performance per unit cost.

The overall framework for the generalized AFA problem
is presented in Algorithm 1. Because AFA is defined as
an iterative task, at each step the clustering algorithm par
titions the current (incomplete) dataset and ranks alliposs
ble queries based on their expected contribution to cluster
ing quality normalized by cost. The highest-ranking query
is then selected, and the feature value correspondinggo thi
guery is acquired. The dataset is appropriately updatet, an
this process is repeated until some stopping criterion is me
e.g., desirable clustering quality has been achieved. -To re
duce computational costs, multiple queries can be selatted
each iteration, resulting in batch acquisitions, as oftemed
in active learning settings for classification tasks.

While the overall framework of Algorithm 1 is intuitive,
the crux of the problem lies in ranking queries by their ex-
pected contribution to clustering quality. In subsequent s
tions, we address challenges related to performing this tas
accurately and efficiently.

Estimating expected utility

At every step of the AFA algorithm, the next best feature
to acquire is the one that will result in the highest improve-
ment in clustering quality per unit cost. Since the true val-
ues of missing features are unknown prior to acquisition, it
is necessary to estimate the potential impact of every acqui
sition for all possible outcomes. Hence, the optimal policy
is to ask for feature values which, once incorporated in¢o th
data, will result in the highest increase in clustering gyal

in expectation Therefore, our approach is based on defin-
ing autility functioni/(z;; = z, C;;) which quantifies the
anticipated benefit arising from obtaining a specific vatue
for featurez;; via the corresponding query; at costC;;.
Then, expected utility for query;;, EU(g;;), is defined as

Algorithm 1 Active Feature-value Acquisition for Cluster-
ing

Given:

X —initial (incomplete) instance-feature matrix

L — clustering algorithm

b — size of query batch

C — cost matrix for all instance-feature pairs

Output:

M = L£(X) —final clustering of the dataset incorporating

acquired values

1. Initialize T'otalCost to initial cost of X
2. Initialize set of possible querieg)
x;; IS missing-.
. Repeat until stopping criterion is met
Generate a clusteringf = £(X)
Vq;; € Q computescore(M, ¢;;, L, X)
Select a subsét of b queries with the
highestscore
Vgi; €S,
Acquire values for;;: X = X A x5
TotalCost = TotalCost + C;
Removes from Q
. ReturnM = L(X)

{Qij

SO ENN

ol
= OoO©ooN

the expectation of the utility function over the margina-di
tribution for the feature:;;:

(1)

While ranking queries using the expected utility defined
above is the optimal acquisition strategy, the true maigina
distribution of each missing feature value is unknown. In-
stead, an empirical estimate B{z;; = x) in Eqg.(1) can be
obtained using probabilistic classifiers. In the case of dis
crete (categorical) data, for each featiyrea naive Bayes
classifierM; can be trained to estimate the feature’s prob-
ability distribution based on the values of other features o
a given instance. Then, when evaluating the qugrythe
classifier); is applied to the corresponding instangeto
estimate the distribution of possible values for the migsin
featureP;(x;; = x|x;), conditioned on all known feature
values for the instance. Then, the expectation in Eq.(1) can
be easily computed by piecewise summation over the pos-
sible values. For continuous attributes, computation ef ex
pected utility can be performed either using statisticalhme
ods such as Markov Chain Monte Carlo, or via discretizing
them and using probabilistic classifiers as described above

EU(qi5) Z/U(ffijzxacz‘j)P(xiij)

Computing the utility function

Selecting an appropriate utility functidd to estimate the
benefits of possible acquisition outcomes in Eq.(1) is the
critical component of the AFA framework. Expected util-
ity formulations have been previously employed in active
learning for classification settings (Roy & McCallum 2001;
Melville et al. 2005), where utility functions can be natu-
rally derived from expected error reduction (or generaliza
tion accuracy), since classification error is a well-defined



evaluation measure for supervised tasks. Since clustering how robust the clustering configuration is with respect to a

is an unsupervised problem for which there is no undisputed
evaluation measure or intrinsic generalization objectes-
eral alternatives exist for defining the utility function.

A number of clustering quality measures have been pro-
posed and employed in prior work. They can be loosely di-
vided into two large groups: external measures that evaluat
clustering accuracy with respect to some category distribu
tion unseen at clustering time, and internal measures feat u
only data that is available to the clustering algorithm. Ex-

amples of external measures are Rand Index (Rand 1971),

cluster purity and pairwise F-measure (Steinbach, Karypis
& Kumar 2000), while a large number of internal measures
exists, e.g., ratio between average inter-cluster ana@-intr
cluster distances, clustering compactness, and averatie pa
tion density (Halkidi, Batistakis, & Vazirgiannis 2001)eB
cause in unsupervised settings external labels are unavalil
able at clustering time, we are limited to defining utility
functions based on criteria internal to the dataset at hand.
Most clustering algorithms optimize a specific objective
function, which allows defining utility ageduction in ob-
jective functionper unit cost. For example, the objec-
tive function minimized by the very popular K-Means al-

missing value. Such a utility can be defined as the number
of points for which cluster membership changes as the result
of an acquisition. Formally, given the current data maifix

let ny) be the cluster assignment of the paintbefore the

acqusition, an@fxm”zw) be the cluster assignment of
after the acquisition. Then, perturbation-based utilitao
quiring valuex for featurez;; is defined as follows:

S Uy )
Cij
4
Estimating actual cluster assignments after the acquisi-
tion, Y (XAwi=2) — [ X *5=hm s g problem that

Ji i=1
is specific to a particulér clustering algorithm at hand. For
K-Means, this computation can be performed without re-
clustering for every possible acquisition outcome by re-
estimating the centroid of the cluster to which instange

is currently assigned, assuming the vatuéor z;;. Then,
performing a single assignment step for all points would
provide the new set of cluster assignmemt§™ \v:=2),

Henceforth, we refer to this perturbation-based utilityeas

u(pert) (‘Tij =x, Cl]) =

between every instaneg and the centroid of the instance’s
cluster,u,,:

? )

T (X) = 3 lai =y,
i, €X
wherey; is the index of the cluster to which instange

is assignedy; € {h}ﬁzl, and missing feature values are
omitted from the squared distance computation. Then, the
objective-based utility function for K-Means can be defined
as the cost-normalized reduction in the value of the ohbjecti
function due to acquisition outcome; = x:

. JKM(X N x5 :x) — JKM(X)
= Cij

obj
UL (xi5=x,Cij)

3)
where the objective function value after the acquisition
Jrm (X A z;; =) can be estimated as the change in objec-
tive function due to the relocation of cluster centroidsseal
by the acquisition, without incorporating the actual acedi
value into computation of Eq.(2), which would bias the com-
putation.

While an objective-based utility function provides a well-
motivated acquisition strategy, it may select feature eslu
that reduce the objective function by improving cluster-cen
troid locations without significantly changing actual ¢krs
assignments. This effect can be significant, and we will see
in the next section that objective-based utility is frechea
suboptimal strategy for improving performance of K-Means
with respect to external evaluation measures.

Besides using the objective function to guide the acquisi-
tion process, one may also choose a utility function that ap-
proximates the qualitative difference in clustering comrfay
tion caused by the acquisition. Such a utility function webul

to the use of the objective-based utility Bspected- Utility-
Objective(EU-Objective.

A major challenge in implementing both utility functions
is the computational complexity of exhaustively evalugtin
all potential acquisitions. We make this selection traletab
by evaluating only a sub-sample of the available queries. We
specify an exploration parametewhich controls the com-
plexity of the search. To select a batchiodueries, first a
random sub-sample afb queries is selected from the avail-
able pool, and then the expected utility of each query in this
sub-sample is evaluated.

Experimental evaluation
Methodology

We evaluated our proposed approach on four datasets from
the UCI repositoryiris, wing letters-ijl, andprotein, which
have been previously used in a number of studies for com-
paring the performance of clustering algorithms. Features
with continuous values in these datasets were discretized u
ing equal-width binning. Since feature acquisition cosés a
not naturally available for these datasets, we consider sev
eral cost structures. In our first set of experiments, we as-
sume that acquisition costs are uniform for all featureeslu
Later, we describe experiments for other cost distribigtion

To evaluate the usefulness of the AFA framework, we
compare its instantiations with different utility functie
with random feature acquisition strategy that selectsigaer
uniformly at random. The sampling parameterof our
methods is set to 10 which means a subset of 100 queries
is sampled and evaluated to acquire 10 queries with highest
scores. All results are obtained over 100 runs for each ac-
tive acquisition strategy. In each run, a fraction of featuis
randomly selected for initialization for each instancehe t

measure the benefit of each acqusition by perturbation in the dataset (ranging from 15-25% of the full dataset). The ac-

actual cluster assignments caused by it, thus approximatin

tive feature-value acquisition process is run until the ham



of missing features is smaller than the acquisition steg, siz
and clustering performance is evaluated after each aequisi
tion step.

The results show that for all data sdit)-Perturbation
leads to better clustering than random query sampling. The
improvements in performance range from a 10% to 29% in-

Because the datasets we consider have underlying classcrease in F-measure on the top 20% of acquisition phases.

labels, they can be used for evaluating clustering quality.

As discussed earlier, commonly used external clustering
evaluation measures include pairwise F-measure, Rand in-
dex, and normalized mutual information. We have found

that empirically there are no qualitative differences hestw

These results demonstrate that measuring acquisitiaty util
using the expected perturbation of the clustering configu-
ration is very effective for AFA with K-Means, as it iden-
tifies missing features which, when acquired, rapidly im-
prove clustering quality. As a resuEU-Perturbationse-

these measures, and report results for pairwise F-measurelects queries that on average are more informative for the

which is defined analogously to non-pairwise F-measure
commonly used in information retrieval. Given a cluster-

ing and underlying class labels, pairwise precision and re-
call are estimated as the proportion of same-cluster instan

clustering algorithm than queries selected uniformly at ra
dom.

To judge the effectiveness of usiidJ-Perturbation one
can also observe the cost benefits of using EU to obtain

that have the same class, and the proportion of same-classa desired level of performance as compared to using ran-

instances that have been placed in the same cluster. Then
F-measure is the harmonic mean of precision and recall:
F1 = (2 x Precision x Recall)/(Precision + Recall).

The performance comparison for any two acquisition
schemesA and B can be summarized by computing the av-
erage percentage increase in pairwise F-measureafer
B over all acquisition phases on the learning curve. We
refer to this metric as thaverage % F-measure increase
Also, the impact of an effective acquisition policy is most
important early on the acquisition curve, where a large num-
ber of feature values is missing, since useful acquisitions
then have a significant impact on clustering quality. To cap-
ture this, we also report the average percentage error+educ
tion over the 20% of points on the learning curve where
the largest improvements are observed (Saar-Tsechansky &
Provost 2004). We refer to this as thep-20% average %
F-measure increase

Results

The results for each dataset are summarized in Table 1,
where the two EU variants are compared to random query
sampling. Figure 1 presents the results obtained using dif-
ferent utility functions for active feature-value acqtits

for K-means oniris. The plot shows clustering perfor-
mance as a function of acquisition costs, obtained with
EU-Perturbation EU-Objectiveand random sampling. The
plots for other datasets have similar trends.
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Figure 1: Comparing different utilities for KMeans ovs.

,dom acquisitions. For example, on thies data setEU-

Perturbationachieves a pairwise F-measure of 0.8 with less
than 300 feature values, while random sampling requires
twice as many acquisitions to achieve the same result. When
data-acquisition costs are non-trivial, this translatesitb-
stantial savings in the cost of effective clustering.

Table 1: Performance &U-PerturbatiorandEU-Objective
with respect to Random

% F-measure Top-20%
Increase % F-measure Increase
Dataset || EU-Obj EU-Pert| EU-Obj EU-Pert
iris -0.81 6.19 2.89 14.81
wine -8.42 10.92 -1.73 19.25
letters-ijl 0.47 6.22 2.58 9.63
protein 4.78 14.19 10.03 28.87

In contrast taEU-Perturbation using the objective-based
utility function in EU-Objectiveis rather ineffective in im-
proving pairwise F-measurezU-Objectivecan sometimes
do better than random sampling, but in general it has no ad-
vantage or performs worse. By using the objective-based
utility measure EU-Obijectiveselects feature values that are
most likely to reduce the K-means objective function. How-
ever, as discussed before, feature values that reduce-a clus
tering objective function may not be the best for improving
performance on external metrics. In particular, the K-ngean
objective is focused on producing tighter clusters, and the
acquisition strategy based on it may select feature vahags t
reduce this objective without changing any cluster assign-
ments, resulting in no improvement with respect to external
evaluation measures.

The results in this section show the effectiveness of the
Expected Utility approach to active feature-value acquisi
tion, and also highlight the need for selecting utility mea-
sures that correlate well with the desired performance met-
ric. Since the datasets we use have underlying class labels,
we find external clustering measures to be more appropriate
than objective-value evaluation. As such, for the rest & th
paper we will use pairwise F-measure as our performance
metric.



Alternative cost distributions
As actual feature-acquisition costs are not available tor o

datasets, we assumed uniform feature costs for our first set

of experiments. However, the goal of our overall approach
is to leverage the trade-off between cost and expected im-
provement in clustering quality. To this end, we tested the
performance of our acquisition strategy when applied to the
iris dataset under different cost distributions. In these exper

iments, each feature was assigned a cost selected uniformly
at random between 1 and 100. We then evaluated perfor-

mance for 5 such random assignments of feature costs.
Since random feature-acquisition does not take costs into

account, we introduced a second baseline method that does.” HAC-GA

This approachCheapest-firstselects feature values for ac-

quisition in order of increasing cost. Figure 2 presents
plots of F-measure versus acquisition costs for two repre-
sentative cost distributions. The gains in performance be-

this section, we consider group-average HAC, which can be
viewed as a trade-off between single-link and completk-lin
variants of HAC.

The internal objective of group-average HAC is bounded
by the maximum variance of the highest-variance cluster,
which follows from the probabilistic model-based inter-
pretation provided by Kamvar et al. (2002). Hence, the
objective-based utility function for group-average HAQca
be approximated by the the difference between total cluster
variances for clusterings obtained before and after thaiacq
sition:

_ Doh=1.k XLh ZmieXh (i — pn)?

u(Obj) —
Cij

(zij =, Cij)
(5)
whereX;, denotes thé-th cluster: X, = {x; : y; = h}.

As for K-means, we compare this objective-based utility
with a perturbation-based utility. Unlike K-Means, HAC is a

tween our approach and random acquisition are greater thanbottom-up algorithm where point-level perturbation is b-su

those observed with uniform costs. This is becabtk
Perturbatioris ability to distinguish between uninformative
and informative feature-values per unit cost is more daitic
when there are features of varying information value with
non-negligible costs. In such cases, acquiring an unirderm
tive feature-value for a substantial cost results in a icamt
loss and, as showit,U-Perturbationis more likely to avoid
such losses.

In contrast, the performance 6heapest-firshas a much
higher variance under different cost assignments. When
the cost distribution assigns low costs to highly informa-
tive features,Cheapest-firsperforms quite well, since its

optimal utility function; therefore, another complex meies

of perturbation that takes the entire cluster hierarchy au-
count is needed. One such measure of perturbation is the
change in the maximum radiug; of the K clusters before
and after a feature-value acquisition:

(X/\wi,j:m)

( )

K K pl
_|max;t, R — maxj. R,

UP (z;; = x,Cij)
(6)

Figure 3 demonstrates that both utility measures lead
to effective feature acquisition compared to random query
selection; and thaEU-Perturbationis more cost-effective

underlying assumption holds — that the cheapest features when the evaluation criterion is pairwise F-measure.

are also informative. This phenomenon can be seen in the

rapid increase in performance Gheapest-firsin the early
stages of acquisition in Figure 2(a). In such cadeld;
Perturbationdoes not perform as well, since the expected
improvement from each acquisition that it computes is an
approximation. On the other hand, when many inexpen-
sive features are also uninformative (which is a more real-
istic scenario)Cheapest-firstan perform quite poorly, as is
demonstrated by the early acquisition stages of Figure 2(b)
EU-Perturbationhowever, estimates the trade-off between
cost and expected improvement in clustering quality, and
although the estimation is imperfect, it consistently sisle
better queries than random acquisitions for all cost struc-
tures.

Hierarchical agglomerative clustering

In this section, we demonstrate the generality of the
EU-Perturbationapproach by using it with an alternative
clustering algorithm, hierarchical agglomerative clusig
(HAC) (Jain, Murty, & Flynn 1999). HAC is a bottom-up al-
gorithm which initializes clusters with individual instees,
and proceeds to iteratively merge clusters that are clasest
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Figure 3: Comparison of acquisition strategies for HAC on
iris

Related work

The active feature-value acquisition task was studiediprev
ously by Melville et al. (2005) and Lizotte et al. (2003) for

cording to a chosen cluster distance measure. Most popular purely supervised learning settings. The problem of featur

cluster distance measures are single-link, completealirk

value acquisition that we study is also distinct from tradi-

group-average distance, which define distance between two tional active learning (Cohn, Atlas, & Ladner 1994) where
clusters as the minimal, maximal, and average distance be- class labels rather than feature values are missing. Hof-
tween all pairs of points that belong to the two clusters. In mann et al. (1998) and Buhmann et al. (2000) considered
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Figure 2: Comparing different algorithms ors under different cost distributions

active learning for clustering in a different setting frons,
where partial information on the pairwise similarities be-
tween instances is available. Basu et al. (2004) and Klein
et al. (2002) study the task of active learning in the setting
of semi-supervised clustering. In addition to unlabele@dda
they assumed supervision is available in the form of pair-
wise must-linkand cannot-linkconstraints. In contrast to
our setting, these studies do not consider instance-featur
level queries, and rely on availability of supervised data.

Conclusions

In this paper, we proposed an expected utility approach to
active feature-value acquisition for clustering, wher@iin

mative feature values are obtained based on the estimated

expected improvement in clustering quality per unit cost.
This approach can be adapted for different clustering algo-
rithms, which we demonstrated by presenting its instanti-
ations for K-means and hierarchical agglomerative cluster
ing. Experiments with uniform feature costs show that the
EU-Perturbationapproach consistently leads to better clus-
tering than random sampling for the same number of feature-
value acquisitions. Additional experiments on differenstc
distributions demonstrate that the performance of the pro-
posed framework is more consistent than that of a simple
cost-sensitive method which acquires feature values iarord
of increasing cost.
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