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• Text Categorization
• Given text 𝑻,

• Estimate the most relevant topic of 𝑻.
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• In the digital internet world [1],
• There are 80% of data is formed by text.

• Text categorization will makes 20% text data 

available that can't use now.

• Therefore, Text categorization is 

important issue in modern.

20% 
➔ Useful, however, not tagged.

Find most relevant topic
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• Naïve Bayes classifier has good performance in text categorization [2, 8, 9, 10].

• Naïve Bayes classifier calculates posterior probability based on two supposes.
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Naïve Bayes Classifier
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The Goal of Naïve Bayes Classifier

Find 
𝐚𝐫𝐠 𝐦𝐚𝐱

𝒚 𝑷 𝒚 𝒙

𝑃 𝑦 𝑥 ∝ 𝑃 𝑦 ⋅ෑ

∀𝑖

𝑃 𝑥𝑖 𝑦

Bayes’ theorem

𝑃 𝑦 𝑥 =
𝑃 𝑦 ⋅ 𝑃 𝑥 𝑦

𝑃(𝑥)

Naïve Independence

Assumption

𝑃 𝑥 𝑦 =ෑ

∀𝑖

𝑃 𝑥𝑖 𝑦

(posterior probability)
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• Multi-label Text Categorization
• Given text 𝑻,

• Estimate the most proper topic-set of 𝑻.

• The generalized problem of text categorization.
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• Characteristic of Multi-label

• A Instance has many categories.

• The realistic topic-sets are limited.

• Some particular topic-sets often 

appear frequently.

The characteristics make 

a text categorizer to find 

more accurate topic-sets.
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• Multi-label Text Categorization using Naïve Bayes Classifier
• Naïve Bayes classifier is widely used and it has good performance in text categorization.
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Multi-label Naïve Bayes Text Categorization

The Goal of Multi-label Naïve Bayes

Text Categorization

Find 
𝐚𝐫𝐠 𝐦𝐚𝐱

𝒀
𝑷 𝒀 𝒙

𝑥: Input text

𝑌: Output topic-set

How to estimate the 𝑷 𝒀 𝒙 properly

applying characteristic of multi-label?

• Characteristic of Multi-label

• A Instance has many categories.

• The realistic topic-sets are limited.

• Some particular topic-sets often 

appear frequently.
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1. Calculate all the probability of all topic-sets

• The number of all possible topic-sets 

• 𝑶(𝟐𝒒) where 𝑞 is the number of topics ➔ Heavy time complexity

2. Calculate the result for each topic (MLNB [3]) ➔ Ignore characteristic of multi-label 

3. Ensemble of classifier chains (ECC-NB [4])

• Set label order, then reflect the result of the previous label to the next label prediction.

• Accuracy is affected by label order ➔ Unstable probability
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Many Approaches of Multi-label Naïve Bayes Text Categorization
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• Based on Bayes' theorem, I derive novel posterior probability equation.

• Derivation of proposed

• Let x be a given data, y be a topic vector.

• Assume the 𝐱𝟏, … , 𝐱𝐝, 𝐲𝟏, … , 𝐲𝐪 are conditional independently from 𝐲𝐤.

• With Naïve Independence Assumption

• The formula is based on 𝐲𝐤. then calculate all probabilities for all topics and averages them.

• Using a characteristic of multi-label, the realistic topic-sets are limited.
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Pairwise Topic Dependency
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Experiment Setting
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• Datasets: 11 Multi-Label Text Datasets: Yahoo-dataset [7]
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Name Patterns Features Labels Cardinality Density
#Distinct
label-set

Arts 7,484 1,157 26 1.654 0.064 599

Business 11,214 1,096 30 1.599 0.053 233

Computers 12,444 1,705 33 1.507 0.046 428

Education 12,030 1,377 33 1.463 0.044 511

Entertainment 12,730 1,600 21 1.414 0.067 337

Health 9,205 1,530 32 1.644 0.051 335

Recreation 12,828 1,516 22 1.429 0.065 530

Reference 8,027 1,984 33 1.174 0.036 275

Science 6,428 1,859 40 1.450 0.036 457

Social 12,111 2,618 39 1.279 0.033 361

Society 14,512 1,590 27 1.670 0.062 1,054
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• Comparison Classifiers:

• Probability Model: Multinomial.  Add-one(Laplace) Smoothing.

• Evaluation Measure:
• Macro 𝐹1 Score: Are the labels for each data correctly estimated?

• Micro 𝐹1 Score: Are each label properly estimated with the data?

• Multi-label Accuracy: Are labels correctly estimated for each piece of data?

• Cross-validation:
• Holdout (Training: 80%, Testing: 20%), Repeated 10 times
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Name Explanation Hyper-parameter Ref.

MLNB Multi-label Naïve Bayes - [3] Information Sciences. (2009)

ECC-NB Ensemble of Classifier Chains using Naïve Bayes Ensemble 10 times [4] Machine learning. (2011)

GLOCAL Global and Local Label Correlation with Matrix Factorization Threshold = 0.5, 𝑘 = [5, 10, … , 25], 𝜆 = 1 [5] IEEE TKDE. (2017)

ML-kELM Multi-label Kernel Extreme Learning Machine 𝜎 = 2−2, 𝐶 = 20, 21, 22, 23 [6] Neurocomputing. (2017)



Experiment Results (Macro 𝐹1)
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Experiment Results (Micro 𝐹1)
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Experiment Results (Multi-label Accuracy)
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Experiment Results
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• Friedman Test (𝛼 = 0.95)

• Bonferroni-Dunn test (𝛼 = 0.95)

• Critical Distance: 1.6841
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Rank Avg. Proposed MLNB ECC_NB GLOCAL ML-kELM 𝝌𝟐 𝒑 = 𝟎. 𝟎𝟓

MacroF1 1.000 2.188 2.818 4.909 4.091 206.071

2.4004MicroF1 1.182 2.363 3.272 3.727 4.454 18.009

ML-ACC 1.636 2.727 2.454 4.090 4.090 8.558



Experiment Results between Proposed and MLNB
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• Wilcoxon’s rank sum test (𝑝 = 0.95)

• ML-Acc of Proposed & MLNB

Dataset Proposed MLNB

Arts 0.3489±0.0085✓ 0.3305±0.0063

Business 0.5858±0.0048 0.5898±0.0047

Computers 0.4074±0.0069✓ 0.3966±0.0079

Education 0.3431±0.0067 0.3367±0.0092

Entertainment 0.4537±0.0070✓ 0.4416±0.0054

Health 0.4847±0.0043 0.4987±0.0052✓

Recreation 0.3943±0.0065 0.3941±0.0087

Reference 0.4647±0.0094✓ 0.4529±0.0086

Science 0.3422±0.0081✓ 0.3276±0.0070

Social 0.5126±0.0118✓ 0.4489±0.0217

Society 0.2985±0.0064✓ 0.2659±0.0082



Conclusions & Contribution
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• I propose “Effective Multi-label Naïve Bayes Text Categorization with Pairwise Topic Dependency”.

• The approach reflects topic dependency with a novel posterior probability equation.

• The approach allowed us to estimate realistic topic-set more efficiently when attempting categorization.

• The experiments show that topic dependency can improve categorization accuracy.

• Contribution

• In International Publications (SCI-E)
• MLNB-LD: Multi-label Naive Bayes Classifier considering Label Dependency 

• Pattern Recognition Letter, In submission, 1st author 

• In Domestic Publications (KCI)
• A Novel Posterior Probability Estimation Method for Multi-label Naive Bayes Classification

• 한국컴퓨터정보학회논문집, 1 June 2018, 1st author
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• In SCI-E Journal,
• MLNB-LD: Multi-label Naive Bayes Classifier considering Label Dependency 

• Pattern Recognition Letter, 19 June 2019, 1st author

• Competitive Particle Swarm Optimization for Multi-Category Text Feature Selection
• Entropy, 19 June 2019, Co-author

• In KCI Journal,
• A Novel Posterior Probability Estimation Method for Multi-label Naive Bayes Classification

• 한국컴퓨터정보학회논문집, 1 June 2018, 1st author

• In Domestic Conferences,
• Three papers were submitted on the theme of Naive Bayes, Feature Selection, and Path Planning.
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