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ABSTRACT

Classification is an important problem for data mining and
knowledge discovery and comes with a wide range of applica-
tions. Different applications usually evaluate the classification
performance with different criteria. The variety of criteria
calls for cost-sensitive classification algorithms, which take
the specific criterion as input to the learning algorithm and
adapt to different criteria more easily. While the cost-sensitive
binary classification problem has been relatively well-studied,
the cost-sensitive multiclass and multilabel classification prob-
lems are harder to solve because of the sophisticated nature of
their evaluation criteria. The tutorial aims to review current
techniques for solving cost-sensitive multiclass and multil-
abel classification problems, with the hope of helping more
real-world applications enjoy the benefits of cost-sensitive
classification.
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1 INTRODUCTION

Classification is an important machine learning problem for
data mining and knowledge discovery. Traditionally, the reg-
ular classification problem aims at minimizing the error rate
of mis-prediction. Nevertheless, the error rate may not be the
best optimization criterion for some practical applications.
For instance, consider asking a doctor to check a patient
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and predict her/his health status as {H7N9-infected, cold-
infected, healthy} [15]. In the following table, we can see
the different costs that the society needs to pay in the nine
different scenarios.

diagnosis H7N9 cold healthy

actual status

H7N9 0 10000 1000000

cold 100 0 3000

healthy 100 30 0

The rows represent the actual patient status, and the
columns represent the diagnosis made by the doctor. For
instance, on any correct diagnosis, the society pays no (addi-
tional) cost. Somehow if an H7N9-infected patient is predicted
as cold-infected or healthy, the whole society may suffer from
a huge amount of cost. On the other hand, if a cold-infected
patient is predicted as healthy, the society needs to pay some
cost—but not as serious as the ones paid in the previous
scenario. These different costs are important for a human
doctor when making any diagnosis. For instance, the doctor
would be very careful on the slightest H7N9 symptom to
prevent the “1000000” level mis-prediction.

If we were to build an automatic system—a “computer
doctor assistant”—to help with the diagnosis, how can the
system use the cost information appropriately? Such a cost-
sensitive classification problem can be very different from the
regular classification one, and is needed in applications like
targeted marketing, information retrieval, medical decision
making, object recognition and intrusion detection.

Cost-sensitive binary classification problem has been stud-
ied since the 90s, resulting in sampling and re-weighting tools
that continue to influence many real-world applications [6, 17].
In the past 20 years, researchers have advanced those tools
to tackle more complicated problems, including multiclass
and multilabel classification ones. The tutorial aims to re-
view and summarize those advances to allow more real-world
applications to enjoy the benefits of cost-sensitive classifi-
cation. The advances range from the Bayesian approaches
that consider costs during inference, to reduction-based ap-
proaches that transform the cost-sensitive classification task
to other tasks, to deep learning approaches that plug the
costs into the optimization and feature-extraction process.
We discuss the relationship between the approaches as well as
their practical usage. We will also introduce some success in
data mining applications, such as improving the performance
of a real-world bacteria classification system and tackling the
class-imbalance problem of KDDCup 1999.
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2 TUTORIAL OUTLINES

If time allows, the tutorial plans to cover the following works
on cost-sensitive multiclass and multilabel classification.

2.1 Cost-sensitive Multiclass Classification

• motivation of cost-sensitive multiclass classification
• Bayesian perspective: Bayes-optimal decision making
and the MetaCost algorithm [5]

• reduction to binary classification: one-versus-one de-
composition [1, 13] and tree decomposition [2]

• reduction to regression: SVM [15] and deep learning [3]
algorithms

2.2 Cost-sensitive Multilabel
Classification

• motivation of cost-sensitive multilabel classification
• Bayesian perspective: the PCC algorithm with beam
search [4, 11] and its connection to MetaCost [5]

• reduction to multiclass classification: the PRAKEL
algorithm [16] and its ancestor [14]

• reduction to binary classification: the CFT algorithm [12]
and its connection to tree decomposition [2]

• deep learning: the LLSL algorithm [7]

2.3 Applications of Cost-sensitive
Classification

• multiclass: bacteria classification for bioinformatics [8]
with error-and-cost-sensitive classification [9]

• multiclass: intrusion classification for security in KDDCup 1999
[9] and the imbalanced learning problems [10]

• multilabel: tag classification for social network analy-
sis [14]
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