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Abstract: The present study aimed to designing a method for organizing
Persian text documents using the clustering technique. The data set
related to theses and dissertations including 2943 researches was
considered as a statistical population. Data were collected from a set
of data related to scientific research, which included 5,000 researches
in Excel format. In this study, after converting the data into a structured
format, the processing operation was performed using preprocessing
operations. In the processing stage, the clustering technique was used
to present the proposed algorithm in order to organize Persian text
documents. This algorithm was introduced by improving the K-means
algorithm for document clustering. The results of the evaluation showed
that the proposed algorithm based on external criteria had a positive effect
on the clustering quality of documents compared to the two algorithms
K-means and K-means++. So that the research of each designated
category in the related subject cluster had a uniform distribution, and led
to the achievement of the purpose of the present study. In the category/
cluster tables obtained from the two algorithms K-means and K-means++,
we saw a non-uniform distribution of research in clusters, so the evaluation
based on internal criteria was affected by different cluster densities and
inter-cluster similarity. The size of the dataset was also not affected by
the proposed solutions for selecting the final dataset and the research
process, so the proposed algorithm works well for the high dimensions of
the feature.
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1. Vector Space Model (VSM) 2. Feature Engineering (FE)

3. Term Frequency-Inverse Document Frequency (TF-IDF) 4. Forward Scan Trigrams (FST)
5. Latent Dirichlet Allocation (LDA) 6. Latent Semantic Analysis (LSA)
7. Hierarchical Dirichlet Process (HDP) 8. Latent Profile Analysis (LPA)

9. Information Retrieval (IR) 10. Ward’s agglomerative

11. Average agglomerative
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