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Abstract Bayesian network classifier (BNC) has been widely used in the data mining, artificial intelligence and
other fields due to its excellent classification performance and interpretability. Information theory has established a
strong mathematical and theoretical basis for its rapid development. For example, conditional mutual information
is widely used to measure the conditional dependence between attributes in the topology structure of BNC. However,
Bayesian network is also called causal network, the research on causality in the Bayesian network is a controversial
topic in the artificial intelligence and other fields. The definition of causality between attributes is much more

complex and subtler than that of correlation. Conditional mutual information may be not suitable for measuring the
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extent to which the global topology structure of BNC fits data, and the symmetry of its expression determines that
it can only describe the undirected correlation between attributes, not the directed causality. An exploratory research
is carried out in the causal relationship of Bayesian networks from the perspective of information entropy. This
paper firstly defines the mapping relationship between the joint entropy function and the joint probability
distribution within the Bayesian networks from the perspective of the log-likelihood function, and then proposes
the class conditional entropy function and local conditional entropy function based on the joint entropy function to
identify the causal relationships between attributes in the topology structure. Finally, a label-driven heuristic
structure learning method is proposed to build a BNC that can balance labeled data fitting and unlabeled data
generalization, which is named HBN. Experimental evaluation on 35 datasets from the UCI machine learning
repository shows that the proposed algorithm enjoys significant advantages in terms of classification performance
over other state-of-the-art algorithms. For example, in terms of 0-1 loss function, HBN beats the algorithm of
correlation-based feature weighting filter for naive Bayes (CFWNB) on 17 datasets and loses 5, beats selective .-
dependence Bayesian classifier (SKDB) on 14 datasets and loses 5, beats attribute and instance weighted naive
Bayes (AIWNB) on 17 datasets and loses 7. In terms of bias, HBN beats CFWNB on 26 datasets and loses 6, beats
SKDB on 10 datasets and loses 5, beats AIWNB on 22 datasets and loses 6. Besides, when compared with ensemble
algorithms, HBN also achieves significant advantages over weighted average one-estimators (WAODE: 11 wins
and 2 loses in terms of 0-1 loss; 15 wins and 7 loses in terms of bias) and random forest (RF: 19 wins and 9 loses
in terms of 0-1 loss; 29 wins and 4 loses in terms of bias). Variance-wise, CFWNB, WAODE and AIWNB have no
structure learning and are irrelevant to the variation of training data, thus they enjoy lower variance results. The
local topology of NBN can fully reflect the implicit causality in test instances, and reduce the negative impact of
training data over fitting to a certain extent. Thus, HBN has significant advantages in terms of variance over SKDB
(20 wins and 9 loses) and RF (26 wins and 3 loses). Compared with other algorithms, the average 0-1 loss and bias
results of HBN are improved by about 6.06% and 12.65%. Compared with SKDB and RF, the average variance
results of HBN is improved by about 16.49%. HBN is effective and feasible for uncertain knowledge representation

and reasoning.
Key words Bayesian network classifier; log likelihood function; joint entropy; conditional entropy; cross entropy
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t =arg Lem[f%] {H (PHBNi(y, x), Pupn+(y, x))};
YEY

HBNt(Y|X)+PHBNX lx)
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. IREly* =
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1 Labor 57 16 2
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3 Zoo 101 16 7
4 Promoters 106 57 2
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6 Wine 178 13 3
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8 Hungarian 294 13 2
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10 Soybean-large 307 35 19
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13 Musk1 476 166 2
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30 Seer_mdl 18962 13 2
31 Magic 19020 10 2
32 Adult 48842 14 2
33 Shuttle 58000 9 7
34 Waveform 100000 21 3
35 Census-income 299285 41 2

N7 UL REE R SE A R, ARSCABATR
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function): FLAR 7 AR AEA FIELE L N 1R 3 2K
2) fhiZE (bias): & FINAL 24 5 B SEMEZAE 2 7]
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B B TR 22 A8 P AR AR B 1B s 4) I [a] £ -
F T BB I o0 88 A0 43 2 o 55 i 75 10 ) 1)) 22 S
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AT
o RTHMAMM NB B MR JEHE
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NB, CFWNB) [71;
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e JIi¥ AODE (Weighted AODE, WAODE) [23I;
o PFENLARAM (Random forest, RF) [2%;

o FETJEIEAISLAINAL) NB 5% (Attribute and



XVE, EAMI, FMAe: 2R TE B0 e B0 R A o DU 7 DR R e 9

instance weighted naive Bayes, AIWNB) B,
AL A3 28 XGRS AR B i 4 B 2R
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4N EE A (Eager learning) A =027 >
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ARSI s v i 15 0] WXL hitp://github.com/Ba
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B E
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o HEN v CFWANE
HEN v SKDR
HEN vs WAODE
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PR Y 2 o PRER AR ¢ R A B T4+ BNC By 4325k
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W/D/L SKDB RF
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WAODE 22/4/9
3
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Background

Bayesian network classifiers (BNC) are powerful tools for
knowledge representation and inference under conditions of
uncertainty. They have widely used in data mining and artificial
intelligence due to its excellent classification performance and
interpretability. Information theory has established a strong
mathematical basis for its rapid development. For example, to
overcome the conditional independent assumption of naive
Bayes, many researchers use conditional mutual information to
measure the conditional dependence between attributes in the
topology structure of BNCs, including single models (e.g., tree-
augmented naive Bayes and k-dependence Bayesian network
classifier) and ensemble models (e.g., averaged one-dependence
estimators). However, identifying the dependence relationships
between attributes and constructing a BNC based on information
measures (such as conditional mutual information) cannot
accurately express the dynamic change of the dependence
relationships when attributes take specific values. In addition,
although Bayesian network is also called belief network or
causal network, the symmetry of conditional mutual information
expression determines that they can only describe undirected
dependencies (rather than directed causality). Based on the
directed acyclic characteristic of the Bayesian network, most of
the existing BNCs use the artificial defined arc strategy, which

cannot reflect the real causal relationship between attributes.
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Sun Ming-Hui, Ph.D., associate professor. His main research
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This paper proves that conditional mutual information is
essentially a measure of the difference between two local
topologies of conditional (in)dependence in terms of the entropy
functions and cannot be used to measure the data fitting of the
overall topology. The resulting model will be sub-optimal.
Therefore, this paper defines the mapping relationship between
the joint entropy function and the joint probability distribution
in the Bayesian network from the perspective of the log-
likelihood function, and uses conditional entropy to identify the
attribute dependency relationship in the network and prove its
rationality. On this basis, a label-driven heuristic structure
learning method is proposed to construct a BNC that that can
achieve the trade-off between fitting and generalization.
Experimental evaluation on 35 datasets from the UCI machine
learning repository shows that the proposed algorithm has
significant advantages in terms of classification performance
over other state-of-the-art algorithms, and the algorithm is
effective and feasible for uncertain knowledge representation
and reasoning.
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