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Abstract: Objective To develop a clinical medication pattern analysis model to identify potential medication patterns within multi-
dimensional clinical data by utilizing the advantages of deep clustering in high-dimensional and complex data processing. Methods
The real-world clinical stroke data were collected for screening and specification. Then, techniques such as graph convolutional neural
networks, autoencoders, and self supervised mechanisms are used to construct a deep clustering model—multi-source fusion
convolutional network (MFCN) for multi-source information fusion. The performance of the model was validated on two datasets,
with the stroke dataset used as a case study to further analyze its clinical medication patterns and demonstrate the effectiveness of the
model in mining high-dimensional clinical data. Results The accuracy of the MFCN model on the DBLP and stroke datasets were
79.32% and 83.48%, respectively. The normalized mutual information (NMI) indicators were 0.490 8 and 0.531 6, the average rand
index (ARI) indicators were 0.541 9 and 0.581 7, and the Fl-score (F1) indicators were 0.787 7 and 0.833 9, respectively. Its
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performance indicators were higher than those of other models. In the stroke dataset, the MFCN model successfully identified Chinese

herbal combinations in the acute phase, such as licorice, Fuling (Poria), and Chenpi (Citri Reticulatae Pericarpium), and discovered

“symptom-drug” associations, such as “Gancao (Glycyrrhizae Radix et Rhizoma)-mai xian”, “Glycyrrhizae Radix et Rhizoma-tongue

red”, and “Chenpi (Citri Reticulatae Pericarpium)-limb weakness”. Conclusion Deep clustering can effectively handle complex

high-dimensional clinical data and reveal potential patterns of clinical medication, with view to providing methodological references

for extracting clinical experience and assisting decision-making.

Key words: stroke; deep clustering; medication rules; data mining; multi-source fusion convolutional network
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Table 4 Distribution of high frequency TCM in acute stroke (top 10 in medication frequency)
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Fig.3 Frequency distribution of stroke symptoms
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Table 6 Analysis of association rules for “drug symptom”

combination in acute stroke
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