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[ Abstract] Exploring causal relationships between entities is crucial in” data science. In practical scenarios missing
values pose significant challenges to both constraint-based and structural equation model-based methods. Although
existing causal learning methods effectively address random missing data, discerning causal structures in non-random
missing data remains problematic. Challenges include learning causal pairs, identifying Markov equivalence class
structures, and correcting causal direction errors-in causal structure networks. To tackle these issues, this paper
introduces a novel algorithm, MV-SELF, based on the structural equation likelihood framework. This algorithm
transforms the conditional probability distribution ‘of a nonlinear Additive Noise Model (ANM) into a representation of
noise distribution. Consequently, it enables 'a maximum likelihood-based scoring mechanism for causal structure search.
Additionally, MV-SELF utilizes Inverse Probability Weight (IPW ) correction to counteract non-random deletions. This
approach effectively restores the joint distribution of missing data, thereby correcting redundant edges and inaccurate
causal directions. It facilitates high-dimensional causal structure searches in datasets with missing values. Simulation
experiments reveal that MV-SELE outperforms TD-PC, MVPC, and Structure EM algorithms, achieving a 3% to 19%
increase in F1 value. This improvement highlights MV-SELF's effectiveness in distinguishing Markov equivalence
classes.

[Key words] structural equation likelihood framework; missing datas; Inverse Probability Weight (IPW) ; causal
discovery learning ; Additive Noise Model( ANM )
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