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Deep Analysis of Causal Al-Based Data Analysis Techniques
for the Status Evaluation of Casual Al Technology
Cha Jooho - Ryu Minwoo

{Abstract)

With the advent of deep learning, Artificial Intelligence (AI) technology has experienced
rapid advancements, extending its application across various industrial sectors. However, the
focus has shifted from the independent use of Al technology to its dispersion and
proliferation through the open Al ecosystem. This shift signifies the transition from a phase
of research and development to an era where Al technology is becoming widely accessible to
the general public. However, as this dispersion continues, there is an increasing demand for
the verification of outcomes derived from Al technologies. Causal Al applies the traditional
concept of causal inference to Al, allowing not only the analysis of data correlations but also
the derivation of the causes of the results, thereby obtaining the optimal output values.
Causal Al technology addresses these limitations by applying the theory of causal inference
to machine learning and deep learning to derive the basis of the analysis results. This paper
analyzes recent cases of causal Al technology and presents the major tasks and directions of
causal Al, extracting patterns between data using the correlation between them and
presenting the results of the analysis.

Key Words : Artificial Intelligence, Al, Causal Al, Deep Learning, Machine Leaming
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