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Purpose: To determine the impact of document summarization parameters on the eval-
uation metrics of classification algorithms for Persian texts.

Methodology: 1000 news texts were collected from yjc.ir news agency website based
on the number of visits, with at least 100 and at most 350 words, out of which 250 were
selected randomly. Titles, summaries, and the texts of the 250 docs were included in
three groups. The number of documents were increased by 100 percent in two stages,
to 500 and 1000. After text preprocessing and deleting stop words by programming
code, TF-ISF summarization technique was implemented on them. 12 Excel files were
created from the words of original texts. Then, Bayesian, Decision tree, SVM and Rule-
based algorithms implemented by Rapid Miner software, which provided 120 Excel
output files for verifying accuracy, precision, and recall. Finally, five comparisons be-
tween the results were considered including comparing of results with 100% increase in
the number of documents, comparing the parameters of TF and ISF summarizer, com-
parison of Bayesian classification algorithms, decision tree, Rule and SVM, comparing
the original text and summary and comparison of the documents labels.

Findings: The results indicated the superiority of evaluation criteria in classification of
1000 documents relative to those of 250 and 500, which in 84% of cases. Meanwhile,
the ISF summarizer method compared to TF in 82% of comparison showed a greater
impact on classification accuracy. In addition, the values of the accuracy in Bayesian
classification and the SVM were better. The highest value obtained from the accuracy
(96. 67%) in the SVM classification by 1000 documents of original text and ISF sum-
marizer technique.

Conclusion: Appropriate parameters for summarization and efficient classification
techniques can improve the accuracy of Persian text classification process, while the
required time also decreases. The best results obtained in the evaluations show that ISF
summarizer, Bayesian and SVM algorithms, 1000 documents, as well as the main text

are more effective.
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