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Background

uSupervised classification is one of the most fundamental and significant 
tasks in data mining.

uDirectly estimating the conditional probability 
P(a1, a2, ..., aj , ..., am|c) is an NP-hard problem.

uBayesian network is commonly used in supervised 
classification. Its classification equation is:
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Background
uNaive Bayes (NB) simplifies the estimation by leveraging an assumption 

that all attributes are fully independent given the class, i.e. attribute 
conditional independence assumption.

uThe classification equation of NB is:

attribute conditional 
independence assumption
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Motivations

uThere is no improved algoithm of NB takes into account the 
correlations among instances.

u In additiond to Gaussian naive Bayes (GNB), there is little 
work of NB focusing on numerical attributes.



Method

uTo address these two existing issues, we propose an instance correlation 
graph-based naive Bayes (ICGNB).

uAs seen from the framework below, ICGNB consists of three stages: 

Framework of ICGNB.



u In Stage 1, we mine the correlations among 
instances from the original attribute matrix 
and construct an instance correlation graph 
(ICG) to capture the correlations.

Method

Framework of ICGNB.



Framework of ICGNB.

Method

u In Stage 2, we input ICG and the original 
attribute matrix into variational graph auto-
encoder (VGAE) to generate a new attribute 
matrix and augment the original attribute 
matrix by it.

u Encoder：

u Convolution:

u Decoder:



Framework of ICGNB.

Method

u In Stage 3, we maximize the CLL by the 
gradient descent search to optimize the 
weight vector and finally build attribute 
weighted GNB on augmented attributes.

u Classfication：

u Gradient:



Method
uThe process of ICGNB:

ICGNB-training

ICGNB-classification



Experiments on real-world datasets

uClassification accuracy

Classification accuracy (%) comparisons for ICGNB versus its competitors.

ICGNB is the best among all the competitors.



Experiments on real-world datasets

uWilcoxon tests

Wilcoxon tests for ICGNB versus its competitors.

ICGNB significantly outperforms all the competitors.

uAblation study

Variant Generation Augmentation Weighting

ICGNB-N √ × ×

ICGNB-A √ √ ×

ICGNB-W × × √

Each part in ICGNB is necessary.



Experiments on the synthetic dataset

uEffectiveness
In Figure (b), ICG effectively connects instances of the same class.

The class distribution in Figure (c) demonstrates distinguishability 
compared to that with original attributes in Figure (a), in which instances 
of different classes are scattered.

(a) original attributes (b) ICG (c) new attributes 

construct generate



Experiments on the synthetic dataset

u Independence
In heat maps of attribute correlations, Figure (c) and Figure (d) are much 
lighter in color than Figure (a)  and Figure (b). 

New attributes have lower correlations with each other given the class 
than original attributes.

(a) original atributes - class 1 (b) original atributes - class 2 (d) new atributes - class 2(c) new atributes - class 1



Experiments on the synthetic dataset

uGaussianity
In Kolmogorov-Smirnov test, new attributes consistently exhibit lower 
statistics compared to original attributes in both class 1 and class 2.

There are 10, 14 (original) and 44, 41 (new)  attributes in class 1 and class 
2 demonstrating significant Gaussianity, respectively. 

(a) statistics (b) significances



Experiments on the synthetic dataset

uSensitivity
Using different parameters and graph convolution functions, the average 
classification accuracy is consistently near that of the default state.

ICGNB is not sensitive to the number of iterations, the learning rate and 
the graph convolution function.

(a) number of iterations (b) learning rates (c) graph convolution functions 



Conclusions and future work

uConclusions
1. We develop an instance correlation graph (ICG)-based representation 
learning method to leverage the correlations among instances.

2. We propose a novel algorithm called instance correlation graph-based 
naive Bayes (ICGNB) based on the representation learning method.

3. We validate the performance of our proposed ICGNB on 24 real-world 
datasets and a synthetic dataset.

uFuture work
1. Exploring how to construct ICG with supervised information.

2. Exploring how to design a strategy with lower computational cost.



Thank You！


