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Abstract. The exploration of domain knowledge to improve the mining
process begins to give its first results. For example, the use of domain-
driven constraints allows the focusing of the discovery process on more
useful patterns, from the user’s point of view. Semi-supervised clustering
is a technique that partitions unlabeled data by making use of domain
knowledge, usually expressed as pairwise constraints among instances or
just as an additional set of labeled instances. This work aims for studying
the efficacy of semi-supervised clustering, on the problem of determining
if some movie will achieve or not an award, just based on the movies
characteristics and on ratings given by spectators. Experimental results
show that, in general, semi-supervised clustering achieves better accuracy
than unsupervised methods.

1 Introduction

Both clustering and classification aim for creating a model able to distinguish
instances from different categories. The main difference between them is that, in
the first case, the categories are not known in advance, neither their number in
most cases. In unsupervised clustering, an unlabeled dataset is partitioned into
groups of similar examples, typically by optimizing an objective function that
characterizes good partitions. On the opposite side, in supervised classification
there is a known, fixed set of categories, and labeled training data is used to
induce a classification model.

Semi-supervised learning combines labeled and unlabeled data to improve
performance, and is applicable to both clustering and classification. In semi-
supervised clustering, some labeled data or other types of constraints are used
along with the unlabeled data to obtain better clustering. Semi-supervised clas-
sification uses some unlabeled data to train the classifier. The main difference
between these two approaches is that, unlike semi-supervised classification, in
semi-supervised clustering the data categories can be extended and modified as
needed to reflect other regularities in the data. This is very important in domains
where knowledge of the relevant categories is incomplete or where labeled data
does not contain examples of all categories.

In this work, we will focus on semi-supervised clustering, and apply it to
a movies domain. We first collected and joined two different movie datasets
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(described in section []), in order to gather information not only about movies’
characteristics, like genre, director, awards, etc., but also about the ratings given
by costumers.

Our goal is to improve clustering prediction accuracy in the absence of enough
labeled data, and predict which movies have or do not have at least one award. In
this sense, we run some existing semi-supervised clustering algorithms@ with sev-
eral fractions of labeled data, and compare their performance with unsupervised
clustering, to study the effects of seeding, and with supervised classification, to
have an upper bound corresponding to the complete knowledge of the categories
and all labeled data for training.

Our goal is also to analyze the efficacy of the algorithms, not only in terms of
their final accuracy, but also in terms of other measures such as precision, recall
and specificity.

The algorithms used are described next, and a case study on the movies
domain is presented in section Bl Section @] concludes the work, by discussing the
advantages and disadvantages of semi-supervised clustering.

2 Semi-supervised Clustering

Semi-supervised clustering and its applications have been the focus of several
recent projects. The most common and simplest semi-supervised clustering al-
gorithms studied nowadays are modifications of the K-Means algorithm[7] to
incorporate domain knowledge, typically through a set of labeled data points
(called seeds) or pairwise constraints between the instances. This knowledge is
being used to change the objective function so that it includes the satisfaction
of constraints, to force some assignments to clusters[T4/I] or to initialize cluster
centroids[I] There are also some metric-based algorithms that employ a distance
metric, trained in the beginning of the algorithm or in each iteration to satisfy
the existing labels or constraints.[6/4]

There has been an effort to incorporate constraints into a more complex al-
gorithm, Expectation Maximization (EM),[512] and also an effort to use other
types of constraints.[3]

The used algorithms are described below.

2.1 Unsupervised Clustering with K-Means

K-Means[7] is the simplest and best known unsupervised clustering algorithm,
commonly used as a baseline to compare with other clustering algorithms. It
partitions a dataset into K clusters, locally minimizing the squared Euclidean
distance between the data points and cluster centroids. It starts with random
initial centroids and iteratively refines the clustering by assigning each instance
to the nearest centroid and then recomputing each centroid as the mean of the
instances of each cluster, until convergence.

1 Available in the WEKAUT machine learning toolkit, an open source tool:
http://www.cs.utexas.edu/users/ml/risc/code
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Let x = {x;},, with z; € R? be a set of N data points, where the i‘* data
point is a vector represented by z; with d dimensions. {up}_ | represents the K
cluster centroids and I; € {1, ..., K'} is the cluster label of the point x;. K-Means
iteratively creates a K-partitioning {Xh};}le of x so that the objective function
Jemeans = Zmiex |w; — g, ||? is locally minimized.

2.2 Unsupervised Clustering with Expectation Maximization

The EM algorithm|[5] is not specific for clustering, being first proposed for param-
eter estimation with missing data. EM is an iterative procedure that estimates
the Maximum Likelihood: 67, = argmaxg L(x|©) = argmaxg P(x,Y|0) of
the missing data Y (cluster assignments, in this case) for which the observed
data x is the most likely.

Each iteration of EM consists of two steps, repeated until convergence — Ex-
pectation (E-step) and Maximization (M-step):

Bstep: Q(6,00) = By, flogP(x, Y10) v, 67
M-step: O+ = argmaxg Q(O, OM)

In the E-step, given the observed data and current estimate of the model pa-
rameters, the missing data is estimated using its conditional expectation. In the
M-step, under the assumption that the missing data is known, the likelihood is
maximized.

It was shown in [I] that the K-Means algorithm is essentially an EM algorithm
on a mixture of K Gaussians under assumptions of identity covariance of the
Gaussians, uniform mixture component priors and expectation under a particu-
lar type of conditional distribution (which can be provided by semi-supervision).
Under the assumption of identity covariance, the parameters to estimate are just
the means of the Gaussians, i.e. the centroids of the K clusters, and the squared
Euclidean distance between a point x; and its corresponding cluster centroid

is ”xl - /’I’li||2 = (wl - Mli)T(xi - /’Lli)'

2.3 Semi-supervised Clustering by Seeding

Let S C x be a subset of data points, called the seed set, where for each x; € S we
have the label [ of the partition x; to which it belongs. It is assumed that there
is, at least, one seed point for each partition. The algorithms receive, therefore,
a disjoint K-partition {S;}5 | (the seed clustering) of the seed set S, so that all
x; € S; belongs to x;, according to the supervision.

Seeded KMeans[I]. In this algorithm, the seed clustering is only used to
initialize the KMeans algorithm, and it is not used in the following steps. Instead
of initializing KMeans from K random means, the mean of the I*" cluster is
initialized with the mean of the I*"* partition of S; of the seed set. In Seeded
KMeans, the labels specified in the seed data may change in the course of the
algorithm. Therefore, it is appropriate in the presence of noisy seeds.
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Constrained KMeans[I]. Like Seeded KMeans, it uses the seed clustering to
initialize the centroids in KMeans. However, in subsequent steps, cluster labels
of seed data are kept unchanged in the cluster assignment steps, and only the
labels of the non-seed data are re-estimated. It is appropriate when the initial
seed labeling is noise-free, or if the user does not want the labels of the seed data
to change.

2.4 Semi-supervised Clustering with Pairwise Constraints

Let us define two types of pairwise constraints, introduced by [14], that provide
a priori knowledge about which instances should be grouped or not. Let M be
a set of must-link pairs, where (z;,2;) € M implies z; and z; should be in the
same cluster, and C be a set of cannot-link pairs where (z;,z;) € C implies x;
and z; should be in different clusters. Let also W = {w;;} and W = {w;;} be
penalty costs for violating the constraints in M and C' respectively.

PCKMeans[4]. Pairwise Constrained KMeans uses soft pairwise constraints,
i.e. it allows violation of constraints if it leads to a more cohesive clustering, and
uses them to seed the initial cluster centroids and to influence the clustering.

The goal of PCKMeans is to minimize a combined objective function, defined
as the sum of the total squared distances between the points and their cluster
centroids, and the cost incurred by violating any pairwise constraint:

2 _
Jpckmeans - § sz — M + § wi,j]] Li#l; + g wi,j]] li=l;
T;EX (z;,25)EM (z4,2;)eC

where point z; is assigned to the partition x; with centroid p;,, and where 1 is
the indicator function: 1 ;e =1 and 1 ¢45¢ = 0.

MPCKMeans[4]. Metric PCKMeans is like PCKMeans, with a metric learner
component. It performs distance-metric training in each clustering iteration,
making use of both unlabeled data and pairwise constraints. The Euclidean
distance between two points is defined using a symmetric positive-definite weigh
matrix A: ||z; — wlla = /(@i — w,)TA(x; — ;). And by using a separate
weight matrix A; for each cluster [, the algorithm is capable of learning individual
metrics for each cluster, which allows clusters of different shapes.

The goal of MPCKMeans is also to minimize a combined objective function
like PCKMeans, but now including the weight matrices Ay and allowing different
costs of constraint violations, via a function f, so that distant and nearby points
can be treated differently:

Trnpctmeans = 3 (s — 1%, — logldet(Ar))) +

TiEX

Z wi j v (i, )W 00, + Z Wi, j fo(@i, x5)1 1=,
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where far(zi, 7;) = &z —xjHi‘li + 1| _Ij”?‘lzj is the cost violation of a must-
link (i.e. if i # j), and fo(wi, x;) = [|27, — xZHil — |z — xj”?‘hi’ with (z;,, 2’)
the maximally separated pair of points in the dataset according to lﬁh metric, is
the cost violation of a cannot-link (i.e. if i = j).

MPCKMeans uses EM: the E-step consists of assigning each point to the
cluster that minimizes Jypckmeans, based on the previous assignments of points
to clusters; the M-step consists of two parts: re-estimating the cluster centroids
given the E-step cluster assignments, like KMeans; and re-learning the metric

matrices {Ah},}f:1 to decrease Jypckmeans- Fach updated matrix is obtained by
dJmpckmeans

taking the partial derivative By re— and setting it to zero, resulting in:
An = xal( Z (@i — ) (i — pn) T+
17i€>ih

> Wi (T = ) (@i = 2) "V 1, +

(x4,x5)EMp
— / 7 / INT T —1

> wi((h — i) (@), — )T = (e — 2 (@ — )" ;)

(z5,2;)€CH

3 Case Study

In this case study, we decided to join two movie datasets, in order to predict
whether a movie has (or will have) an award, based not only on the ratings given
by customers, but also based on other characteristics of the movie, such as its
genre, studio, director, etc.

This study compares the efficacy obtained by applying semi-supervised clus-
tering techniques versus unsupervised clustering. We also run a supervised clas-
sification algorithm just to have an upper bound, corresponding to the complete
knowledge of the categories and all labeled data for training.

All the experiments were conducted using implementations incorporated into
the WEKAUT machine learning toolkit @ The applied algorithms were: KMeans
[7] and EM [5] for unsupervised clustering; Seeded-KMeans and Constrained-
KMeans [1], PCKMeans and MPCKMeans [4] for semi-supervised clustering;
and C4.5 [9] for classification.

For all algorithms, we have generated learning curves with 10-fold cross-
validation and, in each fold, 10% of the dataset is set aside as the test set, and the
remaining is used as the training set. Since the results on semi-supervised cluster-
ing can diverge with the size of the given seeds, we experimented with different
fractions of seeds, generated randomly from the training set. For constrained-
based algorithms, we used the selected fraction of seeds to build the respective
must-links and cannot-links randomly (50% of each pairwise constraints). Unit
constraint costs were used for both constraints, since the dataset did not provide
individual weights.

2 WEKAUT is a Data Mining open source tool available online at
http://www.cs.utexas.edu/users/ml/risc/code
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For each algorithm, we evaluate the accuracy of the results using the Rand
Index metric,[I0] which compares the resulted clusters with the true labels avail-
able, calculating the fraction of correctly predicted movies. We also computed
the F-measure of the results, which makes a balance between their precision
(the fraction of truly awarded movies among those that the algorithm believes
to have an award) and recall (the fraction of positive awarded movies correctly
predicted). [8]

Clustering algorithms were run on the whole dataset, but the measures were
calculated only on the test set. After running, each category (“have” or “do not
have” an award) is assigned to the cluster with more instances of that category,
so that we can evaluate the efficacy of the results. Results were averaged over
the 10 folds.

We first describe the datasets and the preprocessing needed. Then, the exper-
imental results are presented and discussed.

3.1 Data Description

Netflix Dataset. The Netflix dataset used in these experiments was con-
structed specially for the Netflix Prizel

It contains over 100 million ratings from 480 thousand randomly-chosen,
anonymous Netflix customers, over 17 thousand movie titles. The data were
collected between October, 1998 and December, 2005 and reflect the distribu-
tion of all ratings received during this period. The ratings are on a scale from 1
to 5 (integral) stars. The year of release (from 1890 to 2005) and title of each
movie are also provided.

It is known that, in most cases, movies with awards are those that many
people like, and therefore those with higher ratings. Since this dataset has no
other information about the movies, except their year of release (not interesting
when we want to create a model to predict the future) and their title (also not
interesting because in most cases, each movie has a different one), we decided to
use another dataset, described below.

Gio Dataset. This dataset was extracted from a movies database donated by
Gio Widerhold,[I5] which collects data about more than 10 thousand movies,
released between 1891 and 1999. It contains characteristics such as the genre,
directors, actors, studios and awards received for each movie.

All this extra information may help predicting if a movie has an award. For
example, we know some movie directors, like James Cameron and others, who
have already received several awards for most of their work. We also know some
actors that tend to receive awards.

Final Dataset. To have both the ratings and other characteristics of the movies
in the same dataset, we joined the movies of those two datasets with the equiv-
alent title and the same year of release. There are 2800 movies in common. Of
these, 34.5% have an award and the remaining 65.5% do not have. Only these

3 Seehttp://www.netflixprize.com| for details.
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common movies were used in the mining process, in order to evaluate the accu-
racy of the clustering algorithms.

Table[Dlshows the attributes chosen for the final table, as well as their meaning.
The attribute year was discarded, since we want to build a model that predicts
if new movies will have awards (indeed, using this attribute, C4.5 produces a
tree which decides first by the year of the movie, and therefore, based on the
past, which is what we want to avoid). And since the total number of ratings per
movie has a wide range (from one to more than 200 thousand, with a median of
just 561 ratings per movie), we used the percentage of customers that voted in
a movie and gave each rating.

Table 1. Attributes in the final dataset

Attribute Type Missing|Description

Rate 1

Rate 2 Percentage of customers that voted

Rate 3 Real: [0 ; 1] 0% in the movie and gave the star 1,

Rate 4 2, 3, 4 or 5, respectively

Rate 5

Med Rate Integer: 1 to 5 0% The medium rate of the movie

Director Nominal: 1190 values [0% Director’s name

Actor 1 Nominal: 1808 values |{10% First main actor’s name

Actor 2 Nominal: 1772 values {13% Second main actor’s name

Studio Name |Nominal: 314 values |35% Studio’s name

Studio Country|Nominal: 10 values  |57% Country where the movie was made

Genre Nominal: 12 values |0% Genre of the movie

Awards Boolean 0% True if the movie has an award;
False otherwise

To deal with the missing values of an attribute, the implemented algorithms
adopt different strategies. K-Means replaces them by the mode or mean of the
attribute, while EM ignores them, and the semi-supervised algorithms available
are not able to deal with them. In the context of actors and studios, which has
many possible values, with completely different meanings, it makes no sense to
replace missing values of an attribute by its mode. Therefore, they were replaced
by a non-existing value, “zero”, representing the lack of value.

3.2 Experimental Results

We first run the classification algorithm to observe its performance, and which
attributes were used to build the model. Indeed, the final tree has attributes
from both datasets: in a first level of decision nodes, it uses the attribute “studio
name”; In the second and third levels, it uses the ratings or the genres of the
movies. As an example, for a movie produced in the studio Gaumont:
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if StudioName = Gaumont if the average ratings (“Med”) is less than or
if Med <=3: false equal to 3, it means the movie has no award.
or if Med >3 Otherwise, even with an average higher than

if Rate3 <= 0.25: false 3, it only has an award if more than 25% of
or if Rate3 > 0.25: true customers rated the movie with 3.
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Fig. 1. Accuracy results

Figure [ shows the accuracy (or Rand Index) of the algorithms, for differ-
ent fractions of labeled instances incorporated. As we can see, semi-supervised
clustering by seeding (Seeded and Constrained KMeans) always performed bet-
ter than unsupervised clustering (KMeans and EM), even with a small number
of seeds (% of labeled data). On the other hand, semi-supervised clustering by
constraints (PC and MPC KMeans) seems have worst accuracy results. PCK-
Means only started getting improvements with more than 50% of constraints,
but it does not achieve better accuracy results than unsupervised clustering al-
gorithms. Note that the labeled data is selected only from the train set, and the
results are computed from the test set.

Although seeding algorithms achieve a better accuracy, it does not show where
the correct decisions come from (positive awarded — also called true positives,
or negative awarded movies — called true negatives). At figure 2l we analyze just
that, by showing the recall and the specificity of the algorithms. The recall is
the fraction of positive awarded movies correctly predicted (also known as True
Positive Rate or sensitivity) and specificity is the fraction of non awarded movies
correctly predicted as such (True Negative Rate).

In the chart we can see that semi-supervised algorithms were much better
to correctly predict which movies do not have an award, than predicting which
movies have (very high specificity versus very low recall). Only MPCKMeans
had the recall and specificity at the same level as the unsupervised EM and
KMeans. Seeded and Constrained KMeans are very similar to each other, and
have a very low recall. However, their specificity is much higher than all other
algorithms, even classification.

Finally, figure [3] presents the precision and the f-measure of the models built.
Precision is the fraction of truly awarded movies among those that the algorithm
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Fig. 3. Precision and F-Measure results

believes to have an award, and f-measure is a balance between precision and
recall.

By analyzing the precision, we confirm that semi-supervised methods have
difficulties in creating the cluster for positive awarded movies, since a lower
precision indicates the presence of a lot of non-awarded movies in the cluster
that represents the awarded ones. Although similar, Seeded KMeans proved to be
worse than Constrained KMeans. Only MPCKMeans behaves like unsupervised
clustering, maintaining its behavior. The F-measure culminates these results,
showing that the best balance between the precision and recall is MPCKMeans,
and that seeded algorithms are not good in none of them.

3.3 Discussion

As results showed, semi-supervised clustering does not always bring improve-
ments over unsupervised clustering accuracy. However, the seeding algorithms
can achieve a better overall accuracy.
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The bad results in recall and very good ones in specificity can be explained
by the fact that the dataset is unbalanced, with 34.5% of awarded movies, ver-
sus 65.5% of non awarded movies. This problem, also known as skewed class
distribution, may cause the learning algorithms have difficulty in learning the
concepts related to the minority class. In this case, seeded clustering has diffi-
culties in clustering awarded movies (low recall), but can cluster non awarded
movies very well (high specificity). This problem can be addressed by forms of
sampling and other techniques that transform the dataset into a more balanced
one.[I1] However, any real dataset for this kind of analysis, used to predict if
a movie has (or will have) an award, will always have much more movies with-
out an award than with one. Therefore, the results obtained for an extracted
balanced dataset may not be significant for a real dataset.

Another problem that can also explain the low results in recall is related to the
choice of seeds and constraints, and is the fact that we do not really know how
they will influence the results. Researchers have already studied this problem,
and explain it with two properties of seed or constraint sets: informativeness and
coherence.[13] Informativeness refers to “the amount of information in the set
that the algorithm cannot determine on its own”. Coherence is “the amount of
agreement between the elements in the set, given a distance metric”. They rec-
ommend the selection of sets with higher informativeness and coherence values,
to avoid situations where the constraints negatively impact the performance.
There are already some good works that already exploit this combination.[2]

Other interesting fact we can observe is the constant behavior of Seeded and
Constrained KMeans. We see that more seeds do not change their results, mean-
ing that new seeds do not bring new relevant information for cluster initializa-
tion.They had also very similar results. This may indicate that the initial seeds
are not noisy, and that the clusters have a wide overlapping (and in fact the
accuracy is above 50%, which indicates that the dataset is not easily separable).

In global terms, we can conclude that semi-supervised clustering based on
seeds achieves better accuracy than unsupervised clustering, even with few frac-
tions of seeds. They may have problems predicting which movies have an award,
but they can predict, better than the others, which movies do not have an award,
and therefore they can help, for example, limiting the number of candidates to
awards, or eliminating a larger set of non awarded movies before another algo-
rithm run.

4 Conclusions

Unlike unsupervised clustering, semi-supervised clustering uses some labeled
data to aid the search and bias the partitioning of unlabeled data, and there-
fore, they can generally learn better models and achieve better accuracy results.
However, the good accuracy may stem from just one or some correct decisions
and not from all.

With our case study, we can conclude that semi-supervised clustering by seed-
ing proved to be better in accuracy than approaches that use pairwise constraints
and unsupervised ones, with good results even for a few fraction of seeds.
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However, there are some questions we have to consider, for example:

Is the dataset unbalanced? Many real datasets are. If so, it is expected the
algorithm to learn better how to cluster the instances of the most common class,
and have problems with the minority class, as shown here;

What is the goal of the learning task? We cannot just look to the accuracy of
an algorithm, we should analyze other measures, like recall, specificity, precision
and/or f-measure, accordingly to our goal;

To what extent the seeds help? As explained before, seeds not always help.
We should try to select seed sets or constraints with higher informativeness and
coherence values. Future work could go through a study testing several sets of
seeds and constraints.
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