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Comprehensive study: Why?
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Multi-label classification: Task definition
▪ An example space 𝑋 consisting of values of primitive data types (boolean, discrete or 

continuous) ∀𝒙𝒊 ∈ 𝑋, 𝒙𝒊 = 𝑥", 𝑥#…𝑥$ where d is the number of descriptive features;

▪ A label space 𝐿 = λ", λ#, … λ% which is presented as a tuple of Q discrete variables;

▪ A set of examples E, where each example is a pair of tuples from the example and label 
space, respectively, i.e., 𝐸 = 𝑥& , 𝑌& 𝑥& ∈ 𝑋, 𝑌& ∈ 𝐿, 1 ≤ 𝑖 ≤ 𝑁 and N is the number of 
examples;

▪ A quality criterion q, which rewards models with high predictive accuracy and low 
complexity;

The task of MLC is to find:

▪ Function 𝑓: 𝑋 → 2', such that f optimizes q

[Madjarov et al. 2012] G. Madjarov, D. Kocev, D. Gjorgjevikj, and S. Dzeroski, “An ˇ extensive experimental comparison of methods for multi-label learning,” Pattern Recognition, vol. 45, pp. 3084 – 3104, 2012 5



Multi-label classification: Related tasks

f1 f2 … fk L

v11 v12 v1k 1

v21 v22 v2k 0

f1 f2 … l1 … lq

v11 v12 1 1

v21 v22 1 0

Binary classification

Multi-label 
classification

f1 f2 … l1 … lq

v11 v12

v21 v22

l1

l2 l3Hierarchical
multi-label
classification

f1 f2 … l1 … lq

v11 v12 0 1

v21 v22 1 0

∀(𝒙𝒊,𝒀𝒊) ∈ 𝐸, |𝑌&|=1 Multi-class classification

∀(𝒙𝒊, (… , λ) , … )) ∈ 𝐸, |λ)| >2

∀(𝒙𝒊, (… , λ) , … )) ∈ 𝐸, λ) ∈ 𝑹 λ!Label ranking (* denotes ranking of the label i)

Multi-label classification can be seen as instance of:
• Multi-task learning
• Multiview learning

Multi-target multi-class 
classification
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Multi-label classification: Subtasks in MLC

▪ Extreme multi-label classification

▪ Multi-label learning with limited supervision
1. Multi-label learning with missing labels

2. Semi-supervised multi-label classification

3. Partial multi-label classification

4. MLC with noisy labels

▪ Online multi-label learning

▪ Statistical multi-label learning

[Liu et al. 2020] W. Liu, X. Shen, H. Wang, I. W. Tsang . The Emerging Trends of Multi-Label Learning, arxiv preprint, https://arxiv.org/pdf/2011.11197.pdf
[Herrera et al. 2016] F. Herrera, A. J. Rivera, M. J. del Jesus, and F. Charte, Multilabel Classification. Springer Cham, Switzerland: Springer, 2016

▪ Multi-instance multi-label learning (ℎ: 2! → 2" )

▪ Feature selection

▪ Labels selection

▪ Data augmentation

▪ MLC with Partial Abstention etc… 
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MLC Datasets: Benchmark Landscape
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Multi-label classification: Taxonomies of methods

Problem 
Transformation

methods

Algorithm
Adaptation
methods

MLC
methods

Problem 
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Algorithm
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methods
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methods
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[Tsoumakas et al. 2007] Tsoumakas G, Katakis I. 2007. Multi-label classification: an overview. International Journal of Data Warehousing and Mining 3(3):1–13 DOI 10.4018/jdwm.2007070101.

[Tsoumakas et al. 2007] [Madjarov et al. 2012]

[Madjarov et al. 2012] G. Madjarov, D. Kocev, D. Gjorgjevikj, and S. Dzeroski, “An ˇ extensive experimental comparison of methods for multi-label learning,” Pattern Recognition, vol. 45, pp. 3084 – 3104, 2012
[Gibaja et al. 2015] E. Gibaja and S. Ventura, “A tutorial on multilabel learning,” ACM Computing Surveys, vol. 47, no. 3, pp. 52:1–52:38, 2015

[Gibaja et al. 2015]
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MLC methods: Problem Transformation (PT) methods
Problem 

transformation
methods

Binary
problems

Multi-class
problems

Ensembles
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BR+
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12



MLC methods: Algorithm Adaptation (AA) methods
Algorithm
Adaptation
methods

ANN

BPNN
IBPML

ML-RBF
DBN’s
MLARAM
XML-CNN

fastTextLTre
e

ML-TLLT
C2AE

DCSPE

SVM

Rank SVM
Rank SVMz
Rank CVM
MLTSVM

kNN

MLkNN
BRkNN-a
BRkNN-b
LPkNN

Probabilistic

Gaussian 
mixture
PMM1

Trees

PCT
MLC4.5

LACOVA
ML-Tree

Ensembles

RFPCT
RF MLC4.5
AdaBoost

Bagging PCT
Bagging 
MLC4.5
RS PCT

RS MLC 4.5
PfastreXML

FastXML
CRAFTML
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Datasets and methods
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42 datasets and 26 methods

MLARAM, MLTSVM, BR, CLR, MLkNN, CC, 
PCT, DBN, BPNN, RFPCT, LP, PS, EBR, ELP, 
ECC, EPS, MBR, CLEMS, HOMER, RSLP, 
RAkELo, CDN,TREMLC, CDE, SM, CM, 
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Experimental setup: Software tools

Properties MULAN MEKA mldr CLUS Labiac sckitmultilearn

Data format .arff + XML .arff any .arff Labelset 
index:value any

Require additional 
preprocessing on loading No No Yes No No Yes

type interface programmatic prog/GUI prog/GUI/cmd Prog/Cmd cmd programmatic

EDA tools Yes Yes Yes No No No

Partitioning
(iterative/random/stra) 2 1 3 / / 1

Programming lang. Java Java R Java C++ Python

[Charte 2020] A Comprehensive and Didactic Review on Multilabel Learning Software Tools, F. Charte IEEE Access 8, 50330-50354

*For specific method implementation available check Table 4 [Charte 2020]

[Rivoli 2018] The utiml Package: Multi-label Classification in R, Adriano Rivolli and Andre C. P. L. F. de Carvalho, The R Journal , 24—37, vol. 10, 2018
16



Experimental setup: Design
Hyper-parameter tuning (HPO)
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∀(𝒅𝒊_𝒕𝒓, 𝒎𝒊) ∈ 𝐵 Build model

Induced model
Store 

predictions
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Singularity container

12h

Grid computing
infrastructure Single machine

[Caruana 2006], R. Caruana and A. Niculescu-Mizil, “An empirical comparison of supervised learning algorithms,” in Proceedings of the 23rd International Conference on Machine Learning. New York, USA: ACM, 2006, pp. 161–168

[Dembczyński  2010] Dembczyński K., Waegeman W., Cheng W., Hüllermeier E. (2010) Regret Analysis for Performance Metrics in Multi-Label Classification: The Case of Hamming and Subset Zero-One Loss. In: Machine 
Learning and Knowledge Discovery in Databases. ECML PKDD 2010. Lecture Notes in Computer Science, vol 6321. Springer, Berlin, Heidelberg. https://doi.org/10.1007/978-3-642-15880-3_24
[Waegeman 2014] Willem Waegeman, Krzysztof Dembczyńki, Arkadiusz Jachnik, Weiwei Cheng, and Eyke Hüllermeier. 2014. On the bayes-optimality of F-measure maximizers. J. Mach. Learn. Res. 15, 1 (January 2014), 3333–3388.
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Comprehensive study: Results (PT methods)

F1-example

Macro precision

Hamming loss
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Hamming loss F1-example

Comprehensive study: Results (AA methods)

Macro precision
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Comprehensive study: Results (best methods)

Macro precision

Hamming loss F1-example
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Comprehensive study: Recommendation

1. On example-based measures RFPCT and RFDTBR produce the best 
performance on 4 out of 6 measures, with RFPCT being in favour.

2. Methods that rely on LP achieve good performance on example-based recall, 
precision, F1, accuracy.

3. On label-based measures the BR-based methods (either single or ensemble) 
tend to perform the best. However, on micro measures, RFPCT has a similar 
competitive edge as these methods.

4. On ranking-based methods the competitive edge belongs to RFPCT, AdaBoost, 
EBRJ48  and RFDTBR.

5. Optimizing SVMs for the BR method is not worth it.
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Comprehensive study: Recommendation

6. Compared by the family of methods, BR-based methods outperform LP and 
embedding-based methods in general.

7. Back-propagation Neural Networks is the best performing method from the 
algorithm adaptation methods.

8. Ensembles of problem transformation methods should be built with J48 instead 
of SVMs.

9. General values for the parameters of DBNs (Deep Belief Networks) should not 
be a practice.
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Conclusion
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▪ This is a large comprehensive study of MLC methods;

▪ It includes 26 methods, 42 datasets and 20 evaluation criteria;

▪ A description of the datasets and methods for MLC is given, with semantic and meta 
properties

▪ The descriptions allow for the inclusion of the methods and datasets into ontology and 
later providing various operations such as querying;

▪ We adhere to the literature recognized standards for large scale empirical studies with time 
budgeted constraint;

▪ We parametrized the methods that require parameterization according to literature 
recognized ranges for their values; 

▪ An extensive empirical evaluation of the existing methods across the benchmark datasets 
outlining the landscape of methods for MLC.



Conclusion

In a nutshell: The methods RFDTBR, RFPCT, ECCJ48, EBRJ48 and 
AdaBoost have it all; providing premium predictive performance, while the 
first two are also being very efficient.
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▪ An extensive empirical evaluation of the existing methods across the benchmark 
datasets outlining the landscape of methods for MLC.
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