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Abstract

The classification of classical Persian literary prose, characterized by complex linguistic structures and profound
semantic layers, poses significant challenges in Natural Language Processing (NLP). This study evaluates the
effectiveness of combining transformer-based language models and diverse classification techniques to enhance
the thematic classification of Persian literary prose. Beyond employing conventional approaches, which include
pre-trained models like MBERT, ParsBERT, and RoBERT4, the research introduces innovative strategies, such
as integrating embeddings from multiple models and employing numerical token outputs for cross-model
classification. Traditional embedding methods, including TF-IDF, Bag of Words, and FastText, are also utilized,
with extracted vectors fed into classifiers like LSTM, GRU, SVM, Random Forest, and Logistic Regression. The
novel integration of transformer embeddings with vector-based classifiers yields significant improvements in
accuracy, recall, and Fl-score. This approach not only advances text classification but also supports the
development of intelligent systems for information retrieval and Persian literary analysis.
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Introduction

Classical Persian prose, especially mystical texts, contains a unique and rich blend of linguistic complexity and
semantic depth, offering a window into Iranian cultural and philosophical traditions. However, limited studies
have been conducted on the systematic analysis and classification of these texts within Natural Language
Processing (NLP). Most existing NLP methods are designed for modern Persian and perform poorly when
applied to classical texts with archaic vocabulary and intricate writing styles. The lack of annotated and balanced
data further reduces the effectiveness of classifiers. Therefore, developing methods capable of handling these
complexities is essential. This research proposes a novel and efficient approach to thematic classification of
Persian literary prose, especially classical texts, by integrating deep learning architectures and various
embedding techniques. The key innovation lies in the combination of different types of language models and
classifiers to improve the system’s performance and address the inherent challenges of classical Persian texts.

Review of Literature

In recent years, various approaches have been proposed for Persian text classification using either statistical
models or deep learning architectures. Many studies have focused on contemporary applications such as
sentiment analysis or topic labeling, without addressing the specific challenges of classical prose. For instance,
Karimi and Shahrabadi (2019) utilized deep learning for sentiment classification in modern Persian, while Basiri
and Kabiri (2017) introduced a sentence-level corpus to improve classification via Naive Bayes. Ahmadi et al.
(2016) applied topic modeling methods like LDA and STC to outperform traditional Bag of Words, and Feizi-
Derakhshi et al. (2022) demonstrated that BiLSTM with attention mechanisms enhances accuracy in Persian text
classification. Furthermore, Farhoodi and Yari (2010) evaluated vector-based classifiers such as SVM and KNN
using TF-1DF, emphasizing the role of feature representation.

Transformer-based models such as mBERT, ParsBERT, RoBERTa, and AraBERT have shown strong
performance in Persian NLP, particularly in classification tasks. However, most of these studies have focused on
modern texts and rarely examined the challenges posed by classical Persian prose, with its metaphorical depth,
archaic language, and mystical themes.

This study builds on prior work by evaluating whether hybrid configurations—combining contextual
embeddings with statistical features and diverse classifiers—can offer further improvements. Rather than
replacing individual models, these combinations aim to complement their strengths and provide more robust
performance for classifying semantically layered literary texts.

Methodology

The employed dataset consists of two merged subsets of old Persian prose texts, a total of 2,788 samples. After
initial preprocessing (removal of duplicates and non-standard characters), multi-labeled samples were duplicated
and restructured into single-label records, increasing sample count and enhancing class distribution. The Hazm
library was used for the text normalization, tokenization, stopword removal, and lemmatization. For embedding,
this study used TF-IDF, BoW, and FastText, as well as transformer-based models like mBERT, ParsBERT,
AraBERT, and RoBERTa. Each embedding was combined with the following classifiers: transformer models,
recurrent neural networks (LSTM and GRU), and classical machine learning models (SVM, Random Forest, and
Logistic Regression). Various hybrid combinations were also constructed to evaluate performance. Evaluation
was done using accuracy, precision, recall, F1-score (macro and weighted), and paired t-tests.

Results
The experimental results demonstrated that combined configurations generally provided broader improvements
compared to their standalone transformer baselines. While the weighted F1-score did not always show
substantial gains, many hybrid models consistently enhanced other metrics such as accuracy, precision, and
recall. In particular, ParsBERT + FastText, mBERT + FastText, and ParsBERT + GRU each achieved stronger
overall performance relative to their transformer baselines, with notable gains in accuracy, although their
weighted F1-scores remained largely unchanged. The most consistent improvements were observed with
RoBERTa-based combinations, which enhanced both weighted and macro F1-scores—for example, ROBERTa
with mBERT embeddings raised the weighted F1 from 0.77 to 0.84 and the macro F1 from 0.56 to 0.72, while
integration with ParsBERT embeddings similarly increased the weighted F1 to 0.84 and the macro F1 to 0.71.
The significance of these improvements was further supported by paired t-tests, confirming that a majority of
the hybrid configurations achieved statistically meaningful gains over their corresponding standalone models.
Among them, combinations such as ParsBERT + FastText (t = -2.75, p = 0.0335), AraBERT + GRU (t=4.52, p
= 0.0040), ParsBERT + LSTM (t = 7.49, p = 0.0003), mBERT + FastText (t = -3.17, p = 0.0193), and mBERT +



Research on Mystical Literature, Vol. 19. No. 1 (sequential 54), 2025/ iii

ParsBERT (t = 12.85, p < 0.0001) demonstrated particularly strong improvements, highlighting the consistency
of hybrid models in enhancing classification performance, especially in thematically complex and imbalanced
datasets.

Overall, the findings indicate that hybrid configurations are not only statistically significant but also
practically effective in the thematic classification of classical Persian prose. Their ability to capture subtle
semantic and stylistic features makes them particularly valuable for underrepresented classes, where
conventional models often fall short. This enhanced representational capacity is especially important for texts
characterized by intricate vocabulary, layered themes, and rhetorical complexity, as it enables more accurate and
semantically grounded categorization. Beyond the Persian context, the proposed framework also offers potential
for application to other linguistically rich and structurally complex languages, providing a robust foundation for
more precise and context-aware literary analysis.
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2. Recall
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