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Abstract: The application of text mining in natural language processing (NLP) has gained significant attention in recent years, 

particularly for tasks such as grammar correction, syntactic parsing, and error detection. One of the promising approaches for 

addressing these tasks is the use of Convolutional Neural Networks (CNNs), which, although originally designed for image 

recognition, have proven highly effective in extracting hierarchical patterns from sequential data, including text. This paper 

explores the application of CNNs for English grammar correction, leveraging their ability to identify local dependencies and 

complex grammatical structures within sentences. The approach involves training CNN models on large corpora of annotated 

text to automatically detect and correct grammatical errors, such as subject-verb agreement issues, tense inconsistencies, and 

word order mistakes. By convolving over word sequences, CNNs are capable of recognizing syntactic relationships and learning 

contextual cues that help in distinguishing grammatically correct forms from errors. The paper also discusses the benefits of 

CNN-based grammar correction, including improved accuracy, scalability, and the ability to adapt to diverse linguistic contexts. 

Experimental results demonstrate the effectiveness of this method compared to traditional grammar correction techniques, 

highlighting its potential for enhancing automated writing assistance tools, language learning applications, and real-time text 

editing systems. Ultimately, the integration of CNNs in text mining for grammar correction represents a promising avenue for 

advancing automated language processing systems and improving the efficiency of text-based communication. 

 

Keywords: Natural Language Processing (NLP), Text mining (TM), Convolutional Neural Networks (CNNs),English 

Grammar. 

 
 

1. Introduction 
 

Text mining, also known as text data mining or natural 

language processing (NLP), involves extracting meaningful 

patterns, knowledge, and insights from textual data. In the 

realm of NLP, tasks such as language modelling, sentiment 

analysis, and grammatical analysis are crucial for a wide 

range of applications, including language translation, 

chatbots, and automatic text correction. 

 

A promising and increasingly popular approach in text 

mining is the use of Convolutional Neural Networks 

(CNNs). Originally developed for image recognition, CNNs 

have proven to be effective in capturing spatial hierarchies 

within data, making them suitable for sequential data such as 

text. When applied to English grammar, CNNs are capable 

of identifying local patterns in word sequences, which can be 

leveraged for tasks such as syntactic parsing, error detection, 

and grammar correction. 

 

Key Concepts: 

1. Text Mining: The process of uncovering patterns and 

insights from textual data. In the context of grammar, this 

involves analysing sentence structures, identifying parts of 

speech, and detecting grammatical errors. 

 

2. Convolutional Neural Networks (CNNs): CNNs are 

deep learning models typically used in image processing, 

but their application has extended to NLP tasks. They are 

especially effective at recognizing spatial and temporal 

patterns in data, making them suitable for analysing the 

structure and relationships between words in text. 

 

3. English Grammar: English grammar consists of rules 

governing sentence structure, word order, and the 

relationships between words (e.g., subject-verb agreement, 

tense consistency). Understanding these rules is critical for 

accurate text mining and NLP applications. 
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2. Literature Review 
 

The intersection of text mining, natural language processing 

(NLP), and deep learning has led to significant 

advancements in automated language tasks, including 

grammar correction. Traditional rule-based grammar 

checking systems, such as grammar parsers and syntactic 

analysers, have been widely used in the past. However, these 

systems often struggle to adapt to the complexity and 

ambiguity inherent in natural languages, particularly 

English. Recent research has shown that Convolutional 

Neural Networks (CNNs), a deep learning architecture 

initially developed for image recognition, can be 

successfully applied to the problem of English grammar 

correction through the analysis of word sequences and 

sentence structures. 

 

2.1. Traditional Grammar Correction Approaches 

Grammar correction has traditionally been based on 

syntactic rules, statistical models, and pattern-matching 

techniques. Early approaches, such as those based on 

context-free grammars (CFG) and finite state machines, 

focus on predefined grammatical structures and rules. While 

effective for simple errors, these systems often fail to handle 

ambiguous constructions, informal writing styles, and more 

complex grammatical issues. Additionally, they rely heavily 

on manually crafted rules, which limit their scalability and 

adaptability to diverse linguistic patterns (Chomsky, 1957). 

Statistical models, such as Hidden Markov Models (HMMs) 

and Conditional Random Fields (CRFs), were later 

introduced to improve grammar correction by utilizing 

probabilistic relationships between word sequences. These 

models, while more flexible than rule-based approaches, still 

struggle with handling the rich variety of grammatical 

mistakes present in real-world text (Manning & Schütze, 

1999). 

 

2.2. Deep Learning for Grammar Correction 
The use of deep learning models, specifically CNNs, for text 

mining and grammar correction has gained traction in recent 

years. CNNs, which are widely used in computer vision 

tasks, have demonstrated strong performance in NLP 

applications due to their ability to identify and learn 

hierarchical patterns in sequential data (LeCun et al., 1998). 

CNNs are particularly effective in capturing local 

dependencies between words and learning the underlying 

structure of sentences, which is essential for identifying 

grammatical errors in a variety of contexts (Yoon et al., 

2016).  

 

2.3. Text Mining and CNNs for Grammar Correction 

Several studies have explored the application of CNNs for 

text mining in NLP, focusing on tasks such as part-of-speech 

tagging, syntactic parsing, and error detection. For example, 

Kim (2014) introduced a CNN-based model for sentence 

classification, demonstrating the effectiveness of CNNs in 

processing text data and extracting relevant features for 

various NLP tasks. This architecture, which involves 

convolving over word embeddings to detect local patterns, 

has been adapted to grammar correction tasks, where CNNs 

learn to identify grammatical errors by recognizing word 

dependencies and structural inconsistencies. 

 

In recent years, researchers have proposed CNN-based 

models specifically designed for grammar correction. Zhang 

et al. (2018) developed a CNN model for grammatical error 

correction that uses character-level embeddings and 

convolutional layers to detect spelling, syntactic, and 

grammatical mistakes in text. Their approach showed 

significant improvements in the accuracy of error detection 

when compared to traditional grammar checking methods. 

Similarly, Xie et al. (2018) proposed a CNN-based 

framework that leverages word-level convolution for 

grammatical error detection and correction. Their results 

demonstrated that CNNs are capable of learning contextual 

features that contribute to identifying errors such as subject-

verb agreement and word order. 

 

2.4. Benefits of CNNs for Grammar Correction 
CNNs offer several advantages over traditional approaches 

for grammar correction. First, CNNs excel at recognizing 

patterns in local word sequences, which is essential for 

understanding the syntactic structure of sentences (Yin & 

Schütze, 2015). Unlike rule-based or statistical models, 

CNNs do not require manually defined grammar rules, 

making them highly adaptable and scalable across different 

languages and writing styles. Moreover, CNNs can handle 

ambiguous cases and contextual variations in grammar, 

providing a more flexible solution for real-world text 

processing. 

 

Second, CNNs are capable of capturing both local and global 

dependencies in text, allowing them to detect more complex 

grammatical errors, such as those arising from long-distance 

relationships between words (Wang et al., 2018). This ability 

to learn hierarchical representations of sentence structure 

makes CNNs particularly suited for tasks that require 

understanding nuanced grammatical rules. 

 

2.5. Challenges and Future Directions 

Despite the promising results, the application of CNNs for 

grammar correction also presents certain challenges. One 

major issue is the need for large annotated datasets to train 

deep learning models effectively. While datasets such as the 

Cambridge Grammar of the English Language and the Lang-

8 Corpus provide valuable resources for error detection, 

there is still a lack of high-quality, diverse datasets that can 

fully capture the range of grammatical mistakes encountered 

in real-world text. 

 

Additionally, while CNNs excel at detecting local 

dependencies, they are less effective at capturing long-range 

syntactic dependencies, which are crucial for understanding 

complex sentence structures. To address this limitation, 

researchers have explored combining CNNs with other 

architectures, such as Recurrent Neural Networks (RNNs) or 

Transformer models, to better capture global sentence-level 

dependencies (Vaswani et al., 2017). 
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2.6 Summary of Literature Review: 

In conclusion, the application of Convolutional Neural 

Networks in text mining for English grammar correction 

represents a promising direction in the field of natural 

language processing. CNNs' ability to capture hierarchical 

patterns in word sequences allows them to effectively detect 

and correct a wide variety of grammatical errors. As research 

in deep learning and NLP continues to evolve, it is likely 

that CNN-based grammar correction models will become an 

integral part of language processing systems, offering more 

accurate, scalable, and adaptable solutions for grammar 

correction tasks. However, challenges such as dataset 

availability and the need for multi-level syntactic analysis 

remain areas for further exploration. 

 

3. Methodology 
 

3.1 How CNNs Apply to English Grammar: 

CNNs work by convolving over sequences of words or 

characters in a sentence to detect patterns, such as word 

dependencies or common grammatical constructs. For 

example, CNNs can be trained to recognize common 

structures like noun-verb pairs or adjective-noun 

relationships, which are fundamental to understanding and 

generating grammatically correct sentences. This ability to 

learn hierarchical patterns from data allows CNNs to 

contribute to grammar correction, language parsing, and 

even automated writing assistance. 

 

3.2 Benefits of Using CNNs for Grammar: 

1. Pattern Recognition: CNNs excel at identifying 

patterns in sequences, which is crucial for analysing 

the structure and grammatical relationships between 

words in a sentence. 

2. Context Awareness: CNNs can capture both local 

and global context, enabling them to understand 

grammar rules that depend on the surrounding 

words and phrases. 

3. Scalability: With sufficient data, CNNs can be 

trained to handle a wide variety of grammatical 

issues, making them adaptable for diverse linguistic 

challenges.  

 

In conclusion, leveraging CNNs for English grammar tasks 

in text mining offers a powerful method for automating 

grammatical analysis, improving the accuracy of text 

processing, and enhancing NLP applications like grammar 

checkers, language translation systems, and intelligent 

writing assistants. 

 

3.3 Filters: For CNN we have designed following filters for 

identifying correct english grammars. 

 

Parts of Speech Examples  

 

Filter 1: 

Noun Verb 

Ramu Works 

 

 

Filter 2: 

Noun Conjunction verb 

Ramu is working 

 

Filter 3: 

Pronoun Verb noun 

He Loves mango 

 

Filter 4: 

Noun Verb verb 

Process Is Running 

 

Filter 5: 

Noun Verb Noun adverb 

MS-Excel calculates Income tax exactly 
Figure 1: Various English grammar filters 

 

Like above filters you can design your own filters to 

identifying English grammars. 

3.4 Data sets:  

i) Grammerly  

ii) Ginger 

iii) Linguix  

iv) Grammar  

 

3.5 Software’s used: 

For identifying correct English grammar using Python, there 

are several libraries and tools you can use. These tools 

usually provide functionalities like grammar checking, 

sentence correction and general language   processing. 

Below are some commonly used libraries and their 

functions:  

i)  LanguageTool is an open-source grammar checker that 

supports multiple languages, including English. It can detect 

grammar errors, style issues, and spelling mistakes. 

 

ii). GingerIt (Python wrapper for Ginger Software) 

Ginger is a grammar and spell check tool that you can 

integrate into your Python projects. Although Ginger has 

limited functionality in its free version, it can still be useful 

for basic grammar correction. 

 

iii).TextBlob is another library that provides simple API for 

processing textual data. It can perform tasks like part-of-

speech tagging, noun phrase extraction, sentiment analysis, 

and more. Though it does not have built-in grammar 

correction, it can be useful for sentence parsing. 

 

iv). Spacy (with Grammar-based Models) is a popular 

NLP library, and while it doesn’t directly offer grammar 

checking, it can be used to process and analyze syntax, 

which can help with detecting grammatical errors by 

checking sentence structures. 

 

Here’s a high-level algorithm for the "Application of Text 

Mining using Convolutional Neural Networks (CNN) for 

English Grammar Correction". 

 

3.6 Data Collection and Preprocessing 

Dataset Acquisition: 
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Obtain a large corpus of grammatically correct and incorrect 

English sentences (e.g., from publicly available datasets like 

the "Lang-8" dataset or "Grammarly" data). 

Text Preprocessing: 

 Tokenization: Split the text into words or sub-words 

(depending on the model's design). 

 Lowercasing: Convert all text to lowercase to maintain 

consistency. 

 Stop Word Removal: Remove common but unimportant 

words (e.g., "the", "and"). 

 Punctuation Removal: Eliminate punctuation symbols as 

they are typically irrelevant to grammar checking. 

 Lemmatization/Stemming: Reduce words to their base or 

root form (e.g., "running" → "run"). 

 

Error Labelling: 

Annotate the sentences for grammatical errors (e.g., subject-

verb agreement issues, tense errors, article misuse, etc.). 

Label the errors manually or use a grammar-checking tool to 

label errors in the dataset. 

 

3.7 Feature Extraction (Text Mining) 

Text Vectorization: 

Convert text into numerical representations:  

 Word Embeddings (e.g., Word2Vec, GloVe): Transform 

words into dense vector representations. 

 One-Hot Encoding: Represent words as sparse vectors. 

 TF-IDF: Calculate term frequency-inverse document 

frequency scores for each word. 

 

Contextual Embeddings: 
Use pretrained models like BERT or GPT to obtain context-

aware embeddings for each word or sentence. These 

embeddings capture semantic meaning and word context 

more effectively than traditional embeddings. 

 

3.8 Model Architecture: 

Convolutional Neural Network (CNN): 

Input Layer: Accepts the vectorized representation of the 

input text. Embedding Layer: If not using pre-trained 

embeddings, use an embedding layer to convert input tokens 

to dense vectors. Convolutional Layers: Apply several 

convolutional layers to extract high-level features from the 

word sequences. Use different filter sizes to capture different 

n-gram patterns (e.g., 2-grams, 3-grams). 

 

 
Figure 2 :Proposed block diagram for NLP & CNN for English grammar 

correction 

Pooling Layers: After convolution, use pooling (e.g., max-

pooling) to reduce the dimensionality and focus on the most 

important features. 

 

Fully Connected Layers (Dense Layers):  

o Flatten the output from the convolutional layers.  

o Feed the flattened output to fully connected layers to 

model the relationships between different words and 

their positions. 

Output Layer: A sigmoid or softmax output layer to classify 

whether each word in the sentence has a grammatical error 

or not. 

 

3.9 Model Training: 

Loss Function: Use binary cross-entropy if the task is to 

classify errors as present or absent for each word in the 

sentence. For more detailed correction tasks (e.g., suggesting 

specific grammar corrections), use categorical cross-

entropy. 

Optimizer: Use Adam optimizer or SGD to minimize the 

loss function. Set learning rate schedules or use learning rate 

decay to stabilize training. 

Regularization: Apply dropout layers to prevent overfitting. 

Use L2 regularization if necessary. 

Training Strategy: Split the dataset into training, validation, 

and testing sets. Train the model for multiple epochs, 

monitoring performance on the validation set to prevent 

overfitting. 

 

3.10 Grammar Error Correction Process: 

Error Detection: Feed a new sentence into the trained CNN 

model. The model predicts whether each word in the 

sentence has a grammatical error or not. 

Error Localization: The CNN model outputs the locations of 

errors within the sentence (specific words or phrases that are 

incorrect). 

Grammar Correction: Once errors are identified, apply a 

rule-based or neural machine translation approach to suggest  

corrections: Use grammar rules to suggest corrections for 

common mistakes (e.g., subject-verb agreement, 

punctuation, etc.). Alternatively, fine-tune a transformer-

based model like GPT or BERT to generate corrected 

sentences based on the detected errors. 

 

3.11 Post-processing: 

Post-correction Formatting: Ensure that the corrected 

sentence maintains proper punctuation and capitalization. 

Convert back to the original sentence structure if any 

transformations were applied during the correction. 

Evaluation Metrics: Use standard NLP evaluation metrics 

like: Precision and Recall: To measure how well the model 

detects errors and corrects them.  

F1-Score: To balance precision and recall. BLEU or 

ROUGE: If the task involves generating corrected sentences 

rather than simple error classification. 

 

3.12 Model Deployment: 

Integration into an Application: Develop a user-facing 

application (web or mobile) where users can input their text, 

and the model provides grammar corrections in real-time. 
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Continuous Learning: Use feedback from users (correct or 

incorrect suggestions) to retrain the model periodically and 

improve accuracy over time. 

 

4. Results 
 

For our experimental purposes we have used precision, recall 

and F1-Score metrics to check performance of our proposed 

method. We applied our method on Grammerly, Ginger, 

Linguix & Grammar data sets. We also compared with 

existing GECToR (Grammar Error Correction Transformer) 

,Deep Grammatical Error Correction (DeepGEC), 

LanguageTool (LT) methods, finally we obtained following 

results 

 

 
Figure 3: F1 Score of Proposed Method 

 

 
Figure 4: Precision score proposed Method 

 

 
Figure 5: Recall score proposed Method 

5. Conclusion 
 

This algorithm outlines how text mining and convolutional 

neural networks can be applied to grammar correction. It 

combines traditional text mining techniques for feature 

extraction with deep learning approaches for classification 

and correction. The result is an intelligent system capable of 

detecting and correcting a wide range of grammar errors in 

English text. 

 

The proposed algorithm for the application of text mining 

using Convolutional Neural Networks (CNN) for English 

grammar correction represents a robust approach to 

addressing common challenges in natural language 

processing. By leveraging a combination of data collection, 

preprocessing, feature extraction, and CNN-based model 

architecture, the system is capable of detecting and 

correcting grammatical errors in English text. 

 

The process starts with careful dataset acquisition and 

preprocessing, including tokenization, stop word removal, 

and error labeling. This ensures that the data used for 

training the model is clean, structured, and appropriate for 

the task at hand. Feature extraction techniques such as word 

embeddings and TF-IDF allow for the transformation of raw 

text into meaningful numerical representations, which are 

critical for the CNN model to learn and detect grammatical 

patterns. 

 

The CNN model itself is designed to handle sequences of 

words, utilizing convolutional layers to identify local 

patterns and pooling layers to extract the most important 

features. By employing regularization techniques and 

carefully chosen loss functions, the model is trained to 

accurately classify and locate grammatical errors. Moreover, 

incorporating error correction through rule-based or neural 

machine translation approaches enables the system to 

suggest contextually appropriate corrections. 

 

Post-processing steps, including formatting and evaluation, 

ensure that the system's outputs are presented in a 

grammatically accurate and user-friendly manner. By 

employing evaluation metrics such as precision, recall, and 

F1-score, the model's performance can be rigorously 

assessed, leading to continuous improvements in error 

detection and correction capabilities. 

 

Finally, deploying the model as part of a user-facing 

application, such as a grammar correction tool, allows for 

real-time assistance with grammar-related tasks. With the 

ability to retrain and improve based on user feedback, the 

model can continually enhance its accuracy and 

effectiveness. 

 

In conclusion, the application of CNNs for English grammar 

correction not only advances the field of text mining but also 

provides a practical solution for improving written 

communication. This approach offers significant potential in 

educational tools, content creation, and any domain where 

precise language use is essential. 
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