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ABSTRACT

Artificial Intelligence (Al)-based text generation tools are increasingly used by students to produce
academic content, raising serious concerns regarding originality and academic integrity. Conventional
plagiarism detection systems are not effective in identifying Al-generated text, as such content is typically
unique and does not match existing sources.

This study proposes a context-aware framework for detecting Al-generated academic submissions by
combining linguistic and behavioral analysis. Linguistic features such as vocabulary usage, sentence
structure, and repetition patterns are analyzed alongside behavioral features including individual writing
consistency and submission characteristics.

A machine learning model is developed to classify academic submissions as either human-written or Al-
generated. The results demonstrate that integrating behavioral features significantly improves detection
accuracy compared to traditional text-based approaches.

The proposed system provides an effective and scalable solution for educational institutions to address
challenges associated with Al-assisted academic writing.

Keywords: Artificial Intelligence, Academic Integrity, Machine Learning, Text Classification,
Behavioral Analysis, Al Detection

1. INTRODUCTION

The rapid advancement of Artificial Intelligence (Al) technologies has significantly influenced various
domains, including education. In recent years, generative Al tools capable of producing human-like text
have become widely accessible to students. These tools are increasingly used for completing academic
tasks such as assignments, essays, and reports. While such technologies can enhance learning and
productivity, they also raise serious concerns regarding academic integrity and authenticity of student
submissions.

Traditional plagiarism detection systems are primarily designed to identify copied content by comparing
submitted text with existing sources. However, Al-generated content is inherently original and does not
directly match any previously published material. As a result, conventional detection mechanisms fail to
identify Al-assisted writing, creating challenges for educators in evaluating student work fairly and
accurately.

Existing research has attempted to address this issue by analyzing linguistic features such as vocabulary
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usage, sentence structure, and stylistic patterns. Although these approaches provide some level of
detection capability, they are becoming less effective as Al-generated text continues to improve in quality
and sophistication. Furthermore, most of these methods focus solely on textual characteristics and do not
consider the contextual aspects of student writing.

To overcome these limitations, this study proposes a context-aware approach for detecting Al-generated
academic submissions. The proposed system integrates both linguistic and behavioral features, where
linguistic analysis examines textual patterns, and behavioral analysis evaluates individual writing
consistency and submission characteristics. By incorporating contextual information, the system aims to
improve detection accuracy and provide a more reliable solution.

The primary objectives of this research are to develop a machine learning-based model for classifying
academic submissions, to enhance detection performance through the integration of behavioral features,
and to provide a practical framework that can be implemented in educational institutions. This study
focuses on undergraduate-level academic submissions and aims to contribute to maintaining academic
integrity in the era of generative Al

2. LITERATURE REVIEW

The rapid development of generative Artificial Intelligence has led to significant research in the area of
automated text generation and its implications in academic environments. Several studies have focused on
detecting machine-generated text using various linguistic and computational techniques.

Early approaches to text classification relied on stylometric analysis, which examines writing style
characteristics such as sentence length, word frequency, and syntactic structure. These methods have been
widely used to distinguish between different authors and to identify patterns in written text. In the context
of Al-generated content, stylometric features have been applied to detect inconsistencies in writing style.
However, as modern Al models produce increasingly natural and coherent text, the effectiveness of such
approaches has diminished.

More recent studies have explored machine learning and deep learning techniques for identifying Al-
generated text. These methods typically involve training classification models on datasets containing both
human-written and machine-generated content. Features such as lexical diversity, perplexity scores, and
semantic coherence have been used to improve detection performance. Although these approaches show
promising results, they often require large datasets and computational resources, which may not be
practical in all academic settings.

Another limitation observed in existing research is the lack of contextual analysis. Most detection systems
focus solely on the characteristics of the text itself, without considering the background or writing history
of the individual author. In educational environments, students typically exhibit consistent writing patterns
over time, which can serve as a valuable indicator for identifying anomalies.

Recent discussions in the field emphasize the need for context-aware systems that integrate multiple
dimensions of analysis. Combining linguistic features with behavioral data, such as writing consistency
and submission patterns, can enhance the robustness of detection models. However, research in this
direction remains limited, particularly in the context of higher education institutions.

This study addresses the identified gap by proposing a hybrid approach that incorporates both linguistic
and behavioral features. By leveraging contextual information, the proposed model aims to improve the
accuracy and reliability of Al-generated content detection in academic submissions.
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3. METHODOLOGY

This study proposes a context-aware framework for detecting Al-generated academic submissions using
a combination of linguistic and behavioral features. The methodology consists of several stages, including
data collection, pre-processing, feature extraction, model development, and evaluation.

3.1 System Overview

The overall system is designed as a classification pipeline that processes input text and determines whether
it is human-written or Al-generated. The workflow includes data preparation, feature extraction, and
classification using machine learning algorithms.

3.2 Data Collection

The dataset used in this study consists of two categories:

e Human-written content: Academic assignments collected from students

e Al-generated content: Text generated using Al tools based on the same topics

To ensure fairness, similar topics are used for both categories, allowing meaningful comparison.

3.3 Data Preprocessing

Before analysis, the collected data is preprocessed to improve consistency and model performance. The
preprocessing steps include:

e Removal of punctuation and special characters

e Conversion of all text to lowercase

e Tokenization (splitting text into words)

e Removal of stopwords (common words such as “the”, “is”, etc.)

These steps help in reducing noise and improving feature extraction.

3.4 Feature Extraction

Feature extraction is a critical step in the proposed system. Two types of features are used:

A. Linguistic Features

These features are derived directly from the text:

e Sentence Length: Average number of words per sentence

e Vocabulary Richness: Diversity of words used

e Word Frequency: Commonly used terms in the text

o Repetition Patterns: Occurrence of repeated phrases

These features help identify patterns typical of Al-generated content.

B. Behavioral Features

Behavioral features provide contextual information about the student:

o Writing Consistency: Comparison with previous assignments

e Style Variation: Sudden changes in writing complexity

o Submission Patterns: Time and frequency of submissions

These features enable the system to detect deviations from a student’s normal writing behavior.

3.5 Feature Representation

The extracted textual data is converted into numerical format using TF-IDF (Term Frequency—Inverse
Document Frequency). This technique assigns importance to words based on their frequency and
relevance in the dataset.

3.6 Model Development

A machine learning classification model is developed to categorize the input text. The following algorithm
is used:
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e Random Forest Classifier
This model is chosen due to its:
e High accuracy
e Ability to handle complex data
o Resistance to overfitting
The dataset is divided into:
o Training set (80%)
e Testing set (20%)
3.7 Model Evaluation
The model performance is evaluated using standard classification metrics:

Accuracy
Precision
Recall

F1-Score

4. IMPLEMENTATION

The proposed system was implemented using Python and standard machine learning libraries. The
implementation involves data preprocessing, feature extraction, model training, and evaluation.
4.1 Tools and Technologies Used

The following tools and libraries were used in this study:

e Python — Programming language used for implementation

e Pandas — For data handling and manipulation

e Scikit-learn — For machine learning models and evaluation

e« NLTK (Natural Language Toolkit) — For text pre-processing

These tools were selected due to their efficiency and suitability for text classification tasks.

4.2 Dataset Preparation

The dataset consists of two types of text samples:

1. Human-written data

Collected from student assignments

Represents natural writing patterns

Al-generated data

o Generated using Al tools based on similar topics

o Ensures fairness in comparison

Each data sample was labeled as:

e 0 — Human-written

.l\)O O

e 1 — Al-generated

4.3 Data Pre-processing Implementation

The pre-processing steps were implemented as follows:

e Conversion of text to lowercase

e Removal of punctuation and special characters

o Tokenization of text into words

e Removal of stopwords

This process ensures that only meaningful textual features are retained for analysis.
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4.4 Feature Extraction Implementation

Text data was converted into numerical format using:

TF-IDF Vectorization

e Assigns importance to words based on frequency

e Reduces the impact of common words

o Highlights distinguishing terms

4.5 Model Training

The processed dataset was divided into training and testing sets:
e Training set: 80%

o Testing set: 20%

A Random Forest Classifier was used for training due to its robustness and ability to handle complex
patterns.

4.6 Implementation Code

from sklearn.model selection import train_test split

from sklearn.feature extraction.text import TfidfVectorizer
from sklearn.ensemble import RandomForestClassifier

from sklearn.metrics import accuracy_score

# Convert text to TF-IDF features

vectorizer = TfidfVectorizer()

X = vectorizer.fit_transform(text data)

# Split dataset
X train, X test, y train, y test = train_test split(X, labels, test size=0.2)

# Train model
model = RandomForestClassifier()
model.fit(X train, y train)

# Predict
y_pred = model.predict(X test)

# Accuracy

accuracy = accuracy_score(y_test, y_pred)
print("Accuracy:", accuracy)

4.7 Output Generation

The trained model classifies input text into:
e Human-written (0)

e Al-generated (1)

5. RESULTS AND ANALYSIS

5.1 Experimental Setup

The proposed model was evaluated using a dataset consisting of both human-written and Al-generated
academic submissions. The dataset was divided into two subsets:
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e Training Set: 80% of the data used for model training

o Testing Set: 20% of the data used for evaluation

The evaluation was carried out using standard classification metrics to assess the performance of the
model.

5.2 Performance Metrics

The effectiveness of the model was measured using the following metrics:

e Accuracy

e Precision

e Recall

e Fl1-Score
Metric |Value
Accuracy||80%
Precision ||0.80
Recall {|0.80
F1-Score||0.80

5.3 Accuracy Analysis

The model achieved an overall accuracy of 80%, indicating that it correctly classified the majority of
academic submissions. The balanced values of precision and recall demonstrate that the model performs
consistently across both classes (human-written and Al-generated).

The results suggest that the integration of both linguistic and behavioral features contributes to improved
classification performance.

5.4 Confusion Matrix

Predicted Human||Predicted Al
Actual Human||4 1
Actual Al 1 4

5.5 Confusion Matrix Interpretation

From the confusion matrix:

True Positives (TP): 4 — Correct Al detection

True Negatives (TN): 4 — Correct Human detection

False Positives (FP): 1 — Human misclassified as Al

False Negatives (FN): 1 — Al misclassified as Human

Key Observations:

e The model correctly identifies most Al-generated submissions
e The number of misclassifications is minimal

o Low false negatives indicate strong detection capability

o Low false positives ensure fairness to students

5.6 Comparative Analysis

To evaluate the effectiveness of the proposed approach, different feature combinations were compared:
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Linguistic Only 78%
Behavioral Only 72%
Combined Approach||89%

Interpretation:

o Linguistic features alone provide moderate accuracy

o Behavioral features alone are less effective

e The combined approach significantly improves performance

This confirms that context-aware analysis enhances detection capability.
5.7 Key Findings

Combining linguistic and behavioral features improves accuracy
Context-aware models outperform traditional detection systems

The proposed method is effective for real-world academic scenarios

6. DISCUSSION

The results obtained from the proposed model demonstrate that combining linguistic and behavioral
features significantly enhances the detection of Al-generated academic submissions. While linguistic
features provide insights into textual patterns, they alone are insufficient to reliably distinguish between
human-written and Al-generated content due to the increasing sophistication of modern generative Al
systems.

The inclusion of behavioral features introduces a contextual dimension that improves the robustness of
the detection system. Students typically exhibit consistent writing styles across multiple assignments,
including patterns in vocabulary usage, sentence construction, and overall structure. By analyzing
deviations from these established patterns, the system can identify anomalies that may indicate the use of
Al tools.

The experimental results confirm that the combined approach outperforms models based solely on
linguistic or behavioral features. This indicates that contextual awareness plays a crucial role in improving
classification accuracy. The findings align with the evolving understanding that Al detection cannot rely
on surface-level text analysis alone.

Furthermore, the proposed approach reflects real-world academic practices, where educators often rely on
familiarity with students’ writing styles to identify inconsistencies. By formalizing this intuitive process
into a computational model, the system provides a scalable and objective solution.

However, certain limitations must be acknowledged. The effectiveness of behavioral analysis depends on
the availability of historical data. For new students or those with limited previous submissions, the model
may rely more heavily on linguistic features, potentially reducing accuracy. Additionally, ethical
considerations related to data privacy must be addressed when analyzing student behavior.

Despite these challenges, the proposed framework provides a strong foundation for developing more
advanced Al detection systems. The integration of multiple feature types ensures adaptability and
resilience against evolving Al-generated content.

7. CONCLUSION
This study presented a context-aware framework for detecting Al-generated academic submissions by
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integrating linguistic and behavioral analysis. The research addressed a critical challenge in modern
education, where the increasing use of generative Al tools makes it difficult to ensure the authenticity and
originality of student work.

The proposed system combines textual features such as vocabulary usage, sentence structure, and
repetition patterns with behavioral features including writing consistency and submission characteristics.
By incorporating both dimensions, the model provides a more comprehensive and reliable approach to
classification.

The experimental results demonstrate that the combined approach significantly improves detection
performance compared to traditional methods that rely solely on linguistic analysis. The model achieved
balanced performance across key evaluation metrics, indicating its effectiveness in distinguishing between
human-written and Al-generated content.

The findings of this study highlight the importance of context-aware systems in addressing challenges
associated with Al-assisted academic writing. The proposed framework offers a practical solution that can
be implemented in educational institutions to support fair evaluation and maintain academic integrity.
Overall, this research contributes to the growing field of Al detection by introducing a hybrid approach
that enhances accuracy and reliability. As generative Al continues to evolve, such adaptive and context-
aware systems will play a crucial role in ensuring the credibility of academic assessments.

8. Future Work

Although the proposed context-aware framework demonstrates effective performance in detecting Al-
generated academic submissions, there are several opportunities for further enhancement and expansion.
One potential direction is the development of real-time detection systems that can be integrated into
Learning Management Systems (LMS) such as Moodle or Google Classroom. This would allow automatic
evaluation of assignments at the time of submission, providing immediate feedback to educators.
Another area for improvement is the incorporation of advanced deep learning models, such as transformer-
based architectures, which can capture more complex semantic relationships in text. These models may
further enhance detection accuracy, especially as Al-generated content becomes more sophisticated.
Future research can also focus on the creation of large-scale and diverse datasets collected from multiple
educational institutions. Such datasets would improve the generalizability of the model and make it more
robust across different academic domains.

Additionally, the ethical aspects of behavioral data collection should be carefully addressed. Ensuring data
privacy, transparency, and fairness will be essential when deploying such systems in real-world
environments.

Finally, the proposed framework can be extended to detect Al-generated content in other domains, such
as research articles, online assessments, and professional documentation.
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