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ABSTRACT

The assessment system of land appraisal price responsible by the Treasury department,
Ministry of Finance, has been revolutionizing under the concept of “Digital Economy” using big
data technology. This also complies the 4th strategy (Transform towards Digital Thailand) of
Digital Development for National Economic and Social Development Plan. However,
transformations from current practices, which rely mainly on experienced assessors, to machine
learning ways of thinking need time and breakthrough paradigm shifts.. This paper proposes the
preliminary but promising ideas to develop land appraisal price system through both data science
and domain experts in the field in order to promote its modernization and explanability. Main idea
of this work is to determine and predict apprisal price of reference-lot lands which can furthur use
to assess all lands nearby. The reference-lot lands are considered from closeness to POI (Points of
interest) which implies outstanding in terms of locations they situated. The main technique is
performed by a hotspot analysis called GetisOrd Gi* to help investigate the distance to each POI.
Experimental results show that our approach produced better performance in terms of MAPE (21%
vs 25%) compared to domain-experts approach. Moreover, model’s interpretability and simplicity
result in a shallow learning curve. Consequently, officers with little knowledge can easily follow

along and understand the main theme of the system in a short period of time.
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