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Abstract Bayesian network is an effective tool to express uncertain information in the field of artificial
intelligence. It is widely used in various fields. Bayesian network learning mainly includes structure learning,
parameter learning and inference. TheBayesian Network Structure Learning (BNSL) is the key and difficulty of
Bayesian network research.The task of BNSL is an NP-Hard problem. At present, the methods for BNSL mainly
include constraint-based structural learning, score-based structural learning and hybrid-based structural learning.
By analyzing the state-of-the-art structural learning methods, we found that they not only have bad efficient and
effective but also easily fall into local optimality. In order to improve the accuracy and reliability of structural
learning, we propose a new algorithm called Ensemble-Feedback Bayesian Network Structure Learning(EFBNSL)
in this paper.The ensemble learning strategy is used to reduce the number of invalid edges (e.g. multi-edge,
less-edge, and reverse-edge) and the feedback strategy is used to update the initial network and enhance the
quality of initial network. This algorithm is mainly divided into the following two steps. In the first step, we build
the initial network. We employ Maximal Information Coefficient (MIC) to determine whether there is an edge
between the random nodes, and constructthe initial network (directed graph) according to edge-adding rules. In
the second step, we use the Bootstrap method to sample n samples from the data sets. We use the initial

network bn,_; which represents the network after k" iteration to initialize the Tabu search algorithm,
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andcombine the BDe score function for Bayesian network structural learning from each sample. As a result, we
obtain n Bayesian networks which are represented n matrices. Then, we calculate the weight of each edge by the
function of ensemble strategy W according to n matrices. We determine the directed edge by setting the threshold

8, and generate the Bayesian network BNy, where BN, represents the Bayesian network after k" iteration. We

use the BN, to update the initial network bmn,_,according to the update condition Cand use the updated bn,

for the next iteration.We obtain the optimal Bayesian network, which is the network that our EFBNSL algorithm
outputs when it is satisfied with the termination condition by ensemble learning and the feedback strategy in an
iterative way. Finally, we perform experiments using seven benchmarks with different sizes. We calculate the
F1-score, Hamming Distance and the number of correct edges of the Bayesian network and compare them with
other state-of-the-art algorithms. The result shows that the EFBNSL algorithm proposed in this paper is superior
to other algorithms in terms of effectiveness and generalization ability. After analysis, we conclude that the
success of this algorithm has the following abilities: First,we use MIC to construct the initial network structure
directly, it easier than the previous method, which first obtains the undirected edges, then eliminates the loops, and
finally decides their directions. Second, we propose a function of ensemble strategy, which is used to reduce the
number of invalid edges that may exist in the Bayesian network. Finally, we employ the feedback strategy to
adjust the edge directions of the initial network, and improve the quality of the initial network, and then we can
obtain the optimal Bayesian network by an iterative optimization.

Key words ensemble learning; bayesian network; structural learning; feedback strategy; maximal information
coefficient
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Background

Bayesian Network(BN) is a classical tool of representation
for uncertain knowledge and reasoning in artificial intelligence,
and has widely used in data mining, medical diagnosis, pattern
recognition, industrial control and other fields. Bayesian
network learning mainly includes structural learning, parameter
learning and inference, in which structural learning is the key
and difficulty of Bayesian network research.

The goal of Bayesian Network StructureLearning (BNSL)
is to learn a network structure that has the highest fit to the data
set, but it has proven to be a NP-Hard problem. At

present,BNSL  methodscan be classified into three
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categories:(1)constraint-based  structural ~ learning;  (2)
score-based structural learning; (3) hybrid-based structural
learning. The core idea of these algorithms mainly includes the
following aspects. First, to improve the efficiency of the search
algorithm, and avoid the search algorithm fall into the local
optimum. Second,to enhance the score function, which is used
to measure the fitting degree of Bayesian network and
observation dataset. By improving the score function, the
algorithm is no longer restrictive in one aspect (e.g. the K2
algorithm needs the order of the nodes as the prior knowledge).

The accuracy of the algorithm can be improved and the
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over-fitting risk of the algorithm can be reduced. However,
there is always a certain deficiency in a single algorithm, and
ensemble learning which combines single models can reduce
the randomness of learning results and improves the
effectiveness and the generalization ability of the results. In this
paper, we use Maximal Information Coefficient (MIC) to
determine whether there is an edge between the random nodes.
And then construct the initial network. Then we use the initial
network to initialize the Tabu algorithm and combine the BDe
score function for BNSL. To ensure the effectiveness and
thegeneralization ability, we exploit ensemble learning to
reduce the number of invalid edges (e.g. multi-edge, less-edge,
and reverse-edge) in the network and employ the feedback
strategy to update the initial network. Using the ensemble
learning and the feedback strategy in an iterative way,
ourEnsemble-Feedback Bayesian Network Structure Learning
(EFBNSL) algorithm can output an optimal network structure.
Finally, we perform experiments using seven benchmarks with
different sizes. The result shows that our EFBNSL algorithm

outperforms the other algorithms and has better generalization
ability. This research method can provide a reference for
BNSL.

The main contributions of our work include: (1) we
propose a method to evaluate the edge score, and use the
ensemble learning to reduce the number of invalid edges that
may exist in the Bayesian network; (2) we propose a novel
structural learning algorithm, which employs the feedback
strategy to adjust the edge directions of the initial network, and
obtains the optimal network by an iterative optimization; (3) we
use the edge-adding strategy to determine the directed edges
and obtain the initial network. It is easier than the previous
method, which first obtains the undirected edges, then
eliminates the loops, and finally decides their directions.
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