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Abstract: The number of people suffering from mental illness all over the world is huge , mental health problems have become a global public
health challenge, timely detection and early intervention treatment is of great practical importance for patients to restore their mental health.
Sandplay is a commonly used tool for identifying and treating psychological problems.It is time—consuming and inefficient to detect abnormal
sand tables reflecting unhealthy psychology only by psychologists.It is imminent to automatically identify abnormal psychological sand tables
using data mining techniques. Fusing density based outlier analysis algorithms is proposed to detect abnormal psychological sand tables. The
sand tables data is preprocessed. The features that distinguish normal sand tables from abnormal ones are extracted.The fused algorithm im-
proves the DBSCAN algorithm and integrates it with the LOF algorithm to improve the performance of detecting abnormal psychological sand ta-
bles. Experiments were conducted on the dataset provided by the "LingXinYun Digital Mental Health Service Platform".Experimental results
show that the fusing density based outlier analysis algorithm identifies more abnormal sand tables reflecting unhealthy psychology.
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Fig. 8 Negative sentiment score ratio of the last 100 sand tables
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