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Abstract. Semi-supervised approaches have proven to be effec-
tive in clustering tasks. They allow user input, thus improving the
quality of the clustering obtained, while maintaining a controllable
level of user intervention. Despite being an important class of al-
gorithms, hierarchical clustering has been little explored in semi-
supervised solutions. In this report, we address the problem of
semi-supervised hierarchical clustering by using an active clus-
tering solution with cluster-level constraints. This active learning
approach is based on a new concept of merge confidence in an
agglomerative clustering process. When there is lower confidence
in a cluster merge the user can be queried and provide a cluster-
level constraint. The proposed method was compared with a unsu-
pervised algorithm (average-link) and a semi-supervised algorithm
based on pairwise constraints. The results show that our algorithm
tends to be better than the pairwise constrained algorithm and can
achieve a significant improvement when compared to the unsuper-
vised algorithm.
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1. Introduction

Semi-supervised clustering has been widely explored in the last years.
Instead of finding groups guided only by an objective function, as in
traditional unsupervised clustering algorithms, semi-supervised versions
try to improve clustering results by employing external knowledge in the
clustering process. The external knowledge is conveyed in form of con-
straints. These constraints can be directly derived from the original data
(using partially labelled data) or provided by an user, trying to adapt the
clustering results to his/her expectations (Dasgupta and Ng, 2010).

Constraints in semi-supervised clustering processes are related to
a small part of the dataset, as the supervision of large amounts of data
is expensive (Bilenko et al., 2004). So, it is very important to optimize
the usage of external knowledge, obtaining the largest amount of useful
information from the smallest number of constraints. In this sense, semi-
supervised clustering algorithms must deal with two crucial aspects: how
to add information to the clustering process (add information in a proper
way) and to which cases (when) the user should provide information.

To assure efficacy in information addition, the characteristics of
the semi-supervised algorithm are very important. Mainly, three aspects
can be observed: (1) the type of the constraints that will be used (for ex-
ample, pairwise constraints (Wagstaff and Cardie, 2000; Vu et al., 2010;
Miyamoto and Terami, 2010), initial seeds (Basu et al., 2002) or feed-
back (Dasgupta and Ng, 2010)); (2) the level of the constraints (instance-
level Wagstaff and Cardie (2000), cluster-level Huang and Mitchell (2008)
or instance-cluster-level (Eick et al., 2004; Huang and Mitchell, 2006));
and (3) how the algorithm deals with these constraints (constraint-based
(Wagstaff and Cardie, 2000), distance-based (Kumar et al., 2005) or hy-
brid (Bilenko et al., 2004)).

Active learning algorithms (Settles, 2009) can be used to choose
proper cases to add information. In semi-supervised clustering, these al-
gorithms can be used to detect instances or clusters to which the addition
of constraints can better help the clustering process to obtain an optimal
solution. Active learning algorithms have been successfully used to se-
lect pairs of instances to elicit pairwise contraints from the user (Huang
and Lam, 2009; Vu et al., 2010). Also, algorithms that employ seeds use
active-based solutions to choose better initial seeds (Basu et al., 2004).
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In the literature few works deal with semi-supervised hierarchical
clustering, despite the popularity and effectiveness of this category of
clustering methods. More specifically, neither the apropriate addition of
information nor the selection of good cases to add constraints are fairly
explored in hierarchical clustering context.

Looking for a better use of external knowledge on the hierarchical
clustering process, this work presents a new method called HCAC (Hi-
erarchical Confidence-Based Active Clustering). The HCAC method im-
proves a hierarchical clustering process by hierarchically adding cluster-
level constraints, i. e., the user is asked to insert cluster-level constraints
along the hierarchical clustering process when it seems more appropri-
ate. This method approaches two aspects which are not explored in the
literature. The first one is related to the kind of query that is presented
to the user, which allows this user, at a given iteration, to determine the
next pair of clusters to be merged among a pool of pre-selected pairs. The
second aspect is related to the development of an active learning method
to determine when it is appropriate to make a query, based on a new
concept of confidence in a cluster merging decision.

This report is organized as follows. In the next section, we present
some related work on hierarchical semi-supervised clustering and active
learning algorithms. In Section 3, we present the proposed HCAC algo-
rithm. Then, in Section 4, we present some experiments that evaluate the
proposed algorithm. Finally, in Section 5, we present some conclusions
and point some future works.

2. Related work

There are few works on semi-supervised hierarchical clustering. Among
the main works, in Klein et al. (2002), instance-level pairwise constraints
(must-link and cannot-link) are used in a semi-supervised clustering
algorithm based on the complete-link algorithm (see Jain and Dubes
(1988)). Constraint insertion has two phases: imposition and propaga-
tion. During the imposition, constraints are added to pairs of examples.
The algorithm transforms the feature space into a similarity space by
modifying the distance between elements. If two points xi and xj have a
must-link constraint, then their distance is set to zero. Otherwise, if they
have a cannot-link constraint, their distance is set to the maximum dis-
tance on the distance matrix plus one. In the propagation, the algorithm
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considers that if an example xk is near an example xi and xi has a must-
link or a cannot-link constraint with xj, so xk is also near or far from
xj. The new distance between xk and xj is calculated through a triangle
inequality.

Kestler et al. (2006) use pairwise constraints at the first level of a
hierarchical clustering algorithm in order to generate the initial clusters.
The constraints are not propagated to posterior levels as the algorithm
aims to generate stable dendrograms.

Using labeled examples, an algorithm also based on the complete-
link algorithm is proposed in Daniels and Giraud-Carrier (2006). This
algorithm learns a distance threshold x from which there are no more
cluster merges. In order to learn this distance threshold, the algorithm
uses a small set of labeled objects. This small set is clustered and several
threshold values are tested. The value which presents the best evaluation
measure is chosen for clustering the entire data set.

Labeled examples are used in Bade et al. (2007) in a post-
processing step. The method uses the labeled instances to generate
must-link and cannot-link constraints between pairs of objects. So, after
an unsupervised clustering process, these constraints are used to deter-
mine whether to merge or split the resulting clusters.

In Böhm and Plant (2008) a semi-supervised density-based hierar-
chical algorithm is proposed. Labeled data are used to generate an initial
hierarchy, which is later expanded. So, unlabeled data are assigned to
the most consistent clusters, according to the cluster structure prede-
fined.

Finally, in Davidson and Ravi (2009) the authors analysed the use
of pairwise constraints and cluster-level constraints (minimum and max-
imum intra-cluster distances). The authors prove that the combination
of these constraints is computationally viable in a hierarchical clustering,
unlike flat clustering methods, where this combination is a NP-Complete
problem.

Among these works, only in Klein et al. (2002) it is possible to find
the usage of an active learning algorithm which inserts constraints in a
hierarchical clustering process. In this active approach, the algorithm is
allowed to perform m pairwise questions. So, the algorithm performs an
entirely unsupervised complete-link clustering process in order to learn
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a distance α from which it is expected to need no more than m questions
to cluster properly. The clustering restarts in an unsupervised way until
it makes a merge of distance α. Then, the user is asked whether the roots
of the next proposed merge belong together. According to the answer, the
constraints are propagated, as explained before.

It is possible to see that semi-supervised hierarchical clustering is
still little explored and there are almost no active learning approaches to
these algorithms. In the next section, we present our active hierarchical
clustering algorithm, which is based on a new concept of cluster merge
confidence.

3. HCAC: a confidence-based active clustering method

The HCAC (Hierarchical Confidence-Based Active Clustering) is a new
semi-supervised clustering method based on an agglomerative hierar-
chical clustering process. This algorithm uses cluster-level constraints
which are provided by a human supervisor along the iterations of an ag-
glomerative hierarchical clustering algorithm. In the next section, we will
identify the kind of situation that motivated us to create this method and
our approach to detect these situations. Then, we will explain our ap-
proach to deal with these situations by adding cluster-level constraints.

3.1. Confidence-based active clustering

In an unsupervised agglomerative hierarchical clustering procedure, the
pair of elements1 that present the shortest distance between them in a
given step is selected to be merged. However, sometimes this approach
may cluster objects that represent different concepts not fully repre-
sented by the distance function.

Figure 1. Cluster border problem

This often occurs near cluster borders, as presented in Figure 1.
In this figure, it is clear that we have two underlying clusters (dashed
circles), corresponding to two different concepts. In an unsupervised ap-
proach, despite representing different concepts, the pair of elements in

1In this work, the term elements may refer both to single examples or clusters.
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the rectangle would be the first to be merged, as they are nearest. How-
ever, there are better options nearby to cluster with one of these two
elements, since they are also close to other elements that belong to the
same concept.

Motivated by this kind of situation, in this work we present the
concept of confidence of a merge. The confidence of a merge is related
to the distance between the elements from the proposed merge and other
elements near them. If a pair of elements are close to each other but far
from other elements, the confidence of merging these two elements is high
since apparently there is no good alternative. However, if they are also
close to other elements, it might be advisable to ask a human supervisor
to check if there is a better merge.

Formally, a confidence value can be calculated as follows. Con-
sidering a distance matrix M and a distance function dist(., .) between
elements in M , the natural merge is between the nearest pair of elements
a and b, where dist(a, b) = da,b = argmin

x,y
dist(x, y), x 6= y. The confidence C

of this merge is calculated by the difference between da,b and de,f , where
de,f = argmin

x,y
dist(x, y), x 6= y, (x, y) 6= (a, b), x ∈ {a, b} ∨ y ∈ {a, b}.

Therefore, merges having low confidence values are taken as points
where the algorithm is more likely to make incorrect decisions (misclus-
terings). To reduce misclusterings, the proposed algorithm HCAC detects
low confidence merges and queries the human to check whether a better
alternative merge exists.

In practical terms, low confidence merges are those where confi-
dence below a predefined threshold. The higher the threshold value, the
more user interaction is requested. In this work, we also propose a cali-
bration procedure to estimate this threshold with respect to the amount
of tolerated interaction. This is done through an unsupervised execution
of the hierarchical clustering algorithm, in a spirit similar to Klein et al.
(2002). At each step of this unsupervised execution, the confidence value
is calculated. At the end of this procedure an adequate threshold value
is selected according to the desired number of human interactions. This
procedure is described on Algorithm 1.

Once the threshold is calibrated, we have a criterion for deciding
when to make queries to the human. In the next section, we will explain
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Input: n: number of elements in the dataset; M : distance
matrix; dist(., .): distance function; q: desired number of
human interactions

Output: confT : confidence threshold value
Initialize vector C with n− 1 positions;
for k = 1 : n− 1 do

minDistk = di,j = argmin
x,y

dist(x, y), x 6= y;

secMinDistk = dr,s = argmin
x,y

dist(x, y), x 6= y, (x, y) 6= (i, j), x ∈

{i, j} ∨ y ∈ {i, j};
Ck = secMinDistk −minDistk;

end
Order vector C;
confT = C[q];

Algorithm 1: Threshold calibration procedure

how the user can interact with the HCAC in order to guide the clustering
process.

3.2. Cluster-level constraints

When a low confidence merge is spotted, the user is queried for additional
information. The response comes in the form of a clustering constraint.
In general, constraints can be stated at the instance level (to what de-
gree two instances should be in the same cluster) or at the cluster level,
where we consider whole subclusters instead of single instances. In our
proposal, we use cluster-level constraints. Cluster-level constraints can
obviously convey more information than instance-level ones. This can re-
duce the number of user interventions. Instance level queries, however,
can be more easily resolved by the human.

In HCAC, a cluster-level query is posed to acquire a cluster-level
constraint when a low confidence merge is detected. For that, a pool of
pairs of clusters is presented to the user. Then, the user chooses the pair
that corresponds to the best merge. The pool contains c nearest pairs
of clusters, where c is given a priori. The generation of this pool is done
as described in Algorithm 2. It starts by finding the best unsupervised
merge (the two nearest clusters i, j). After that, the c−1 best unsupervised
merges involving i or j are included. This assembling procedure has a
linear-time cost in function of the number of elements on the distance
matrix (O(n), where n is the number of elements).

The higher the value of c, the more options the user has, and the
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Input: n: number of elements in the dataset; M : distance
matrix; dist(., .): distance function; c: size of the pool of
clusters

Output: Pk: pool of pairs of clusters on the k-th iteration
Initialize vector P with c positions;
P [1] = (i, j)|dist(i, j) = argmin

x,y
dist(x, y), x 6= y;

for l = 2 : c do
P [l] = (r, s)|(r, s) 6∈ P, dist(r, s) = argmin

x,y
dist(x, y), x 6= y, (x, y) 6=

(i, j), x ∈ {i, j} ∨ y ∈ {i, j};
end

Algorithm 2: Procedure for assembling the pool of cluster pairs

brighter are the chances of finding a good choice. However, a large num-
ber of cluster pairs may imply excessive human effort.

The adoption of the active confidence-based approach tries to opti-
mize the user intervention. Moreover, the adoption of this kind of cluster-
level constraints and this new kind of queries tends to generate clusters
with high density and high purity degrees.

4. Experimental evaluation

To evaluate the HCAC method, we have used 22 datasets from the UCI
repository2. All of these datasets have labeled instances which makes
possible to objectively evaluate the clustering results. These datasets
are approximately balanced. A brief description of these datasets can
be observed in Table 1. The evaluation methodology applied on these
datasets and the obtained results are presented in the following sections.

Table 1. Description of used datasets
Dataset # Examples # Classes Dataset # Examples # Classes
Balance 625 3 Madelon 600 2

Breast Cancer Wisc. 683 2 Mammographic 830 2
Breast Tissue 106 6 Musk 476 2

Ecoli 336 8 Pima 768 2
Glass 214 6 Secom 1151 2

Haberman 306 2 Sonar 208 2
Image Segmentation 210 7 Soybean 266 15

Ionosphere 351 2 Spectf 267 2
Iris 150 3 Transfusion 748 2

Libras 360 15 Vehicle 846 4
Lung Cancer 27 3 Wine 178 3

2http://archive.ics.uci.edu/ml/datasets.html
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4.1. Evaluation methodology

We have compared the HCAC with two standards: an unsupervised algo-
rithm, which is used as a baseline; and a semi-supervised algorithm us-
ing must-link and cannot-link pairwise constraints Wagstaff and Cardie
(2000). All three approaches use the average-link strategy (Jain and
Dubes, 1988).

In the experiments, we simulated the human interaction in the
semi-supervised algorithms by using the labels provided with the data
sets. The idea is to automatically answer the queries using a sensible
criteria that models the user behaviour. The automatic answer is en-
tirely derived from the instance labels. In HCAC, for the cluster-level
queries, the criteria for choosing the best cluster merge is entropy (Shan-
non, 2001). Among the pairs in the pool, the one with the lowest en-
tropy value is selected for merging. For the algorithm using pairwise
constraints, we randomly pick pairs of instances before the clustering
process starts. As suggested in Davidson and Ravi (2009), if the elements
belong to the same class, then a must-link constraint was added and
the distance between this pair was set to zero. Otherwise, a cannot-link
constraint was added and the distance was set to infinity.

We have tried different numbers of human interventions in the
clustering process (number of pairwise queries or cluster-level queries).
We have varied the number of desired interventions in 1%, 5%, 10%, 20%
... 100% of the number of merges in the agglomerative clustering process
(which is equal to the number of instances in the dataset minus one).
In the case of the HCAC algorithm, we have also tested three different
number of pair of elements in the pool: 5, 10 and 20.

During the evaluation procedure, we have used 10-fold cross val-
idation. For each dataset, in each experiment configuration, the algo-
rithms were applied 10 times, always leaving one fold out of the dataset.
Each resulting clustering was evaluated through the FScore measure
(Larsen and Aone, 1999; Gil-García and Pons-Porrata, 2010) which is
very adequate for hierarchical clustering. The FScore for each class Ki is
the maximum value of FScore obtained at any cluster Cj of the hierarchy,
which can be calculated according to Equation 1:

F (Ki, Cj) =
2 ∗R(Ki, Cj) ∗ P (Ki, Cj)

R(Ki, Cj) + P (Ki, Cj)
(1)
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Table 2. Results of the statistical comparisons. The symbol >> indicates that
HCAC wins with statistical significance; > indicates that HCAC wins with no sta-
tistical significance; < indicates that HCAC loses with no statistical significance.
Each symbol is followed by the number of victories and losses of HCAC.

5 Pairs 10 Pairs 20 Pairs
% Pairwise Average Pairwise Average Pairwise Average
1 >> 12 - 6 < 4 - 6 > 13 - 5 < 5 - 6 > 13 - 5 > 7 - 4
5 > 12 - 10 < 7 - 11 < 8 - 14 < 7 - 10 > 13 - 9 > 12 - 7
10 > 12 - 9 > 11 - 8 > 12 - 10 > 11 - 8 > 12 - 10 > 14 - 6
20 - 11 - 11 < 8 - 12 < 10 - 12 < 7 - 12 > 14 - 8 > 13 - 7
30 > 12 - 10 < 10 - 12 - 11 - 11 >> 14 - 8 > 15 - 7 >> 18 - 4
40 < 9 - 13 >> 16 - 6 > 12 - 10 >> 16 - 6 > 12 - 10 >> 16 - 6
50 < 10 - 12 >> 14 - 8 - 11 - 11 >> 18 - 4 > 13 - 9 >> 18 - 4
60 > 12 - 10 >> 18 - 4 > 12 - 10 >> 19 - 3 >> 15 - 7 >> 20 - 2
70 - 11 - 11 >> 18 - 4 > 13 - 9 >> 21 - 1 >> 17 - 5 >> 22 - 0
80 > 12 - 10 >> 22 - 0 >> 14 - 8 >> 21 - 1 >> 17 - 5 >> 22 - 0
90 > 12 - 10 >> 21 - 1 >> 18 - 4 >> 22 - 0 >> 20 - 2 >> 21 - 1
100 >> 21 - 1 >> 22 - 0 >> 22 - 0 >> 22 - 0 >> 22 - 0 >> 22 - 0

where R(Ki, Cj) is the recall value for the class Ki on the cluster Cj, which
is defined as nij / size of Cj (nij is the number of elements in Cj that
belongs to Ki) and P (Ki, Cj) is the precision value, defined as nij / size
of Ki. The FScore value for a clustering is calculated by the weighted
average of the FScore for each class, as shown on Equation 2.

FScore =
c∑

i=1

ni

n
F (Ci) (2)

The non-parametric Wilcoxon statistical test (Wilcoxon, 1945) was
used to detect statistical significance in the differences of the algorithms
performance considering an α of 0.05. The test was applied to compare
the HCAC algorithm against one of the other algorithms.

4.2. Results

The results of the comparisons of the different algorithms and configura-
tions can be observed in Table 2. From these results, we can see that the
more pairs are presented to the user in the HCAC algorithm, the better
the algorithm performs. This effect can also be observed in the results
presented in Figure 2. This is an expected behaviour, since the more
pairs the user is shown, the higher the probability of finding a good solu-
tion. In other words, HCAC is able to exploit extra information. However,
increasing the number of pairs in the pool has a cognitive cost.

Comparing the HCAC method with the baseline unsupervised al-
gorithm (Average), we can see that when the pool is smaller (5 and 10
pairs), there is only a clear advantage between 30% and 40% of user in-
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Figure 2. Results for the Libras dataset using 5, 10 and 20 pairs on the pool

terventions. With less interventions there are non significant wins and
losses. With 20 pairs in the pool (and more effort per query), the HCAC
algorithm has the tendency of always outperforming the unsupervised
clustering approach, significantly with 30% or more interventions.

When using 5 and 10 pairs in the pool, the performance of the
HCAC algorithm is very similar to the pairwise constrained approach,
alternating winnings and losses. This indicates that, in a general way, the
quality of information added to the clustering algorithm is very similar in
both approaches. When using 20 pairs, the selected pools of pairs present
very good results and the scenario is much more favourable to the HCAC
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algorithm, with the tendency of always winning.

Figure 3. Comparison of HCAC and pairwise-constrained approach

Another interesting point is the relation between the number of nat-
ural groups (classes) in the dataset and the performance of the algorithm.
In Figure 3, we present a comparison of HCAC and pairwise-constrained
approaches according to the number of classes of the dataset. In the hor-
izontal axis we have the number of classes. For each number of classes,
we have calculated the victories rate of the HCAC algorithm over the algo-
rithm that uses pairwise constraints. The HCAC victories rate is the pro-
portion of the cases where HCAC presents higher FScore than pairwise
with respect to the total number of comparisons considering all datasets
with the same number of classes and all user intervention percentages.
Three different victories rate lines were then plotted, one for each exper-
iment configuration (5, 10 and 20 pairs). According to the results, the
HCAC algorithm tends to have more advantage over pairwise (rate above
0.5) in datasets of more than 3 classes.

This tendency can be explained by the nature of the constraints.
In general, the more clusters a dataset has, the more information will be
needed to correctly delimit them. With the pairwise constraints, the user
indicates whether two instances do or do not belong to the same clus-
ter. On the other hand, our proposed cluster-level constraints indicate
that two groups of instances must be merged. So, in the cluster-level
constraint the number of instances influenced and the quantity of infor-
mation added are higher. Moreover, our active learning approach tends
to require the user intervention on points that can be regarded as cluster
borders. The more clusters a dataset has, the more border regions are
present and the higher are the chances of misclusterings.
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5. Conclusions

In this work, we presented the HCAC, a new active semi-supervised hi-
erarchical clustering method. This method uses cluster-level constraints
where the user can indicate a pair of clusters to be merged. It also uses
a new active learning process based on the concept of merge confidence.
We have also devised a method for determining the adequate confidence
threshold given a maximum amount of user effort allowed.

The empirical analysis shows that the proposed approach is very
promising. When compared to the pairwise constrained approach, the
HCAC method showed a slight advantage using pools of 5 and 10 pairs
and a tendency to outperform when using 20 pairs. The method also has
the advantage of pre-selecting a pool of clusters for the user in linear-
time, reducing the number of pairs to be analysed by the user and pre-
senting good results. Moreover, the algorithm presented a good perfor-
mance when compared to the unsupervised algorithm, specially when
using 20 pairs even with a small number of interactions. These results
indicate that it is worthwhile to exploit the concept of confidence. Empir-
ical results also indicate that HCAC is particularly useful with datasets
of more than 3 classes, which is the case of many real life applications.

The application of the HCAC method has the limitation of requir-
ing an adequate description of the groups when presenting the pairs of
elements to the user. A poor description of the groups may lead the
user to incorrect decisions.We are currently investigating how to ade-
quately formulate the cluster-level queries so that the user can provide
the constraints with minimal cognitive effort. One possibility is the use of
bi-dimensional plots to represent the clusters overimposed by descriptor
labels automatically extracted.

In future works, we intend to improve the performance of the HCAC
method by exploiting constraint propagation, as in Klein et al. (2002).
Furthermore, we intend to measure the performance of the algorithm
when dealing with textual datasets and compare this performance with
some active pairwise constrained approaches for this kind of dataset.
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