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Abstract: The effective categorization and classification of scientific papers based on their nature and 

format are vital due to the extensive volume of published scientific literature. This research endeavors 

to delve into the intricate realm of classifying scientific papers, concentrating on discerning categories 

such as dissertations, scientific articles, theses, and other pertinent types. By meticulously examining 

the unique attributes, objectives, and structural elements inherent in each paper type, this study aims to 

furnish researchers, students, and readers with a comprehensive comprehension of the diverse 

assortment of scientific papers and their idiosyncratic features. Moreover, this article deliberates upon 

the significance of accurate classification with regard to proficient literature retrieval, knowledge 

dissemination, and academic publication. Additionally, it scrutinizes the conceivable challenges and 

deliberations involved in formulating classification systems for scientific papers, encompassing the 

dynamic nature of scientific communication and the emergence of alternative formats such as preprints 

and data papers. By augmenting our grasp of scientific paper classification, this research contributes to 

the enhancement of accessibility, organization, and utilization of scientific knowledge.. 
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Introduction 
 

Scientific research plays a crucial role in advancing knowledge and fostering innovation. The 

publication of scientific papers is fundamental to the dissemination of research findings and the 

progression of various fields. However, the ever-growing volume of scientific literature poses 

challenges in effectively organizing and accessing this wealth of information. To address this issue, 

the classification and categorization of scientific papers based on their nature and format become 

essential. This article aims to explore the classification of scientific papers, focusing specifically on 

differentiating types such as dissertations, scientific articles, theses, and other relevant categories. 

Understanding the unique characteristics, objectives, and structural elements of each paper type can 

provide researchers, students, and readers with valuable insights and facilitate efficient literature 

retrieval. Proper classification also contributes to effective knowledge dissemination and supports 

academic publishing processes. By exploring the classification of scientific papers, this research 

aims to contribute to the organization, accessibility, and utilization of scientific knowledge. It is 

expected that a comprehensive understanding of different paper types and their unique features will 

enhance the effectiveness of literature searches, aid researchers in navigating relevant literature, and 

promote efficient scholarly communication. 
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Overall, this article serves as a comprehensive guide to understanding the classification of scientific 

papers, with the aim of assisting researchers, students, and readers in effectively navigating the vast 

landscape of scientific literature. By providing insights into the categorization process and its 

implications, we hope to contribute to the optimization of information retrieval and knowledge 

dissemination in the scientific domain. 

1 Methods 

To accomplish the objectives of this study on the classification of scientific papers, a comprehensive 

research methodology was employed. The following sections outline the key methods and steps 

undertaken in this research. 

Literature Review: A thorough review of existing literature on scientific paper classification was 

conducted. This involved accessing academic databases, digital libraries, and relevant online 

platforms to gather relevant scholarly articles, books, and conference proceedings. The literature 

review served as the foundation for understanding the current state of knowledge in the field and 

identifying gaps or areas that required further exploration.  

Data Collection: A diverse sample of scientific papers was collected to analyze and categorize based on 

their nature and format. Various sources, including academic journals, repositories, and university 

databases, were utilized to gather a representative set of dissertations, scientific articles, theses, and 

other pertinent paper types. The data collection process involved careful consideration of 

publication dates, disciplinary domains, and diverse research fields to ensure the inclusivity and 

diversity of the sample. 

Data Analysis: The collected scientific papers were analyzed in-depth to identify their distinct 

characteristics, objectives, and structural elements. This involved examining the content, format, 

citation patterns, and metadata associated with each paper. The analysis also considered factors such 

as the research questions addressed, methodologies employed, and the intended audience for each 

paper type. This systematic analysis facilitated the identification of commonalities and differences 

across the various categories. 

Classification Framework Development: Based on the insights gained from the literature review and 

data analysis, a classification framework was developed. This involved creating a hierarchical 

structure that organizes scientific papers into distinct categories, such as dissertations, scientific 

articles, theses, and other relevant classifications. The framework considered the unique features 

and criteria that distinguish each paper type, aiming to provide researchers, students, and readers 

with a practical and intuitive classification system. 

Expert Validation: To ensure the accuracy and reliability of the proposed classification framework, 

expert validation was conducted. Subject matter experts in the field of scientific research and 

publication were consulted to review and provide feedback on the developed framework. Their 

expertise and insights were invaluable in refining the classification criteria and addressing any 

potential ambiguities or inconsistencies. 

Iterative Refinement: The classification framework was refined through an iterative process, taking into 

account the feedback from subject matter experts. Adjustments and modifications were made to 

enhance the clarity, comprehensiveness, and applicability of the classification system. This iterative 

refinement process aimed to create a robust and practical framework that accurately captures the 

nuances and variations in scientific paper types. 

Machine Learning Techniques: The AI method employed various machine learning techniques to 

develop the classification framework. These techniques may include natural language processing 

(NLP), supervised learning algorithms such as support vector machines (SVM), decision trees, or 

deep learning models like convolutional neural networks (CNNs) or recurrent neural networks 

(RNNs). 

Training Data Preparation: The AI model relied on a carefully curated and labeled training dataset 

comprising a diverse collection of scientific papers. The dataset was preprocessed to extract relevant 

features, including textual information, metadata, citation patterns, and structural characteristics. 

Feature Extraction: The AI model used advanced feature extraction techniques to transform the textual 

and structural data from scientific papers into numerical representations. This process involved 

methods like word embeddings (e.g., Word2Vec, GloVe) to capture semantic meaning, syntactic 

parsing to extract grammatical structure, and feature engineering to derive meaningful indicators of 

paper type. 



European Journal of Artificial Intelligence and Digital Economy Volume 1, Issue 3 | 2024 

https://journal.silkroad-science.com/index.php/JAIDE |   3 

 

 

Model Training: The AI model underwent a training phase where it learned to associate the extracted 

features with the corresponding paper types. This training involved feeding the labeled dataset to 

the model and adjusting its internal parameters iteratively to minimize the classification error. The 

training process aimed to optimize the model's ability to generalize and accurately classify unseen 

papers. 

Model Evaluation: The trained AI model underwent rigorous evaluation to assess its performance. 

Evaluation metrics such as accuracy, precision, recall, and F1 score were used to measure the 

model's effectiveness in classifying scientific papers. Cross-validation techniques, such as k-fold 

validation, may have been employed to ensure robustness and avoid overfitting. 

Expert Validation and Iteration: Following the model's training and evaluation, the classification 

framework underwent expert validation. Domain experts in the field of scientific publishing 

reviewed the classifications and provided feedback on the accuracy and relevance of the 

categorization results. This step aimed to refine and improve the model's performance, addressing 

any discrepancies or misclassifications. 

2 Analysis and results 

Determining which approach is better, whether the AI method or the custom programming way, depends 

on several factors. Let's dive into more detailed information to help you make a more informed 

decision: 

AI Method: Pros: 

1. Automation: The AI method leverages machine learning and automated techniques to analyze and classify 

scientific papers. This can save significant time and effort compared to manual processing and coding. 

2. Scalability: AI methods can handle large-scale datasets with thousands or millions of papers, allowing for 

comprehensive analysis and classification. 

3. Adaptability: AI algorithms can learn from patterns in the data, adapt to new information, and improve over 

time. They can also handle complex and nuanced features that may be challenging to capture with a simple 

algorithm. 

Cons: 

1. Data Availability and Quality: AI methods require access to large, diverse, and well-labeled datasets for 

training the models effectively. Acquiring such datasets can be challenging, especially for specialized 

domains or proprietary datasets. 

2. Expertise and Training: Developing and training AI models requires expertise in machine learning and data 

science. Adequate training and validation are necessary to ensure accurate and reliable results. 

3. Interpretability: AI models often operate as "black boxes," making it challenging to understand the 

underlying reasoning behind their classifications. This lack of interpretability may be a drawback when 

expert validation and domain-specific knowledge are critical. 

Custom Programming Way of Simple Algorithm: Pros: 

1. Control and Flexibility: Custom programming allows for fine-grained control over the classification 

process. Researchers can define and incorporate specific criteria and rules based on domain knowledge and 

expertise. 

2. Interpretability: With a custom algorithm, the decision-making process is transparent, making it easier to 

interpret and understand how the classification is performed. 

3. Resource Availability: Implementing a custom algorithm may require fewer computational resources 

compared to training and deploying complex AI models. 

Cons: 

1. Manual Effort: The custom programming approach involves manual coding and analysis, which can be 

time-consuming, especially when dealing with large datasets. 

2. Limited Scalability: Custom algorithms may have limitations in handling large-scale datasets and may not 

generalize well to diverse or evolving paper types. 

3. Complexity Handling: Custom algorithms may struggle to capture complex patterns or features that are not 

explicitly coded into the algorithm, potentially leading to suboptimal classification performance. 

Choosing the better approach depends on various factors, including the availability of resources (such 

as labeled datasets and computational power), expertise in machine learning and programming, the 

specific goals of the research, and the desired level of automation. In some cases, a hybrid approach 

combining elements of both methods can be beneficial, leveraging the strengths of AI methods for 

large-scale analysis and custom programming for fine-grained control and interpretability. 



European Journal of Artificial Intelligence and Digital Economy Volume 1, Issue 3 | 2024 

https://journal.silkroad-science.com/index.php/JAIDE |   4 

 

 

Ultimately, it is crucial to assess the specific requirements and constraints of your research project and 

consider the trade-offs between automation, control, interpretability, and available resources to 

determine which approach is better suited to your needs. 

3 Discussion 

In terms of speed and memory complexity, the AI method generally has the potential to offer advantages 

over the custom programming way. Here's a breakdown of the considerations: 

Speed: The AI method can potentially be faster due to the ability of AI algorithms to process large 

volumes of data in parallel and make predictions efficiently. Once the AI model is trained, it can 

classify new scientific papers relatively quickly, especially when dealing with large-scale datasets. 

The speed of AI methods is often determined by the efficiency of the underlying algorithms and the 

computational resources available for training and inference. 

On the other hand, the custom programming way may require more time to process and classify 

scientific papers, especially if the algorithm involves complex calculations or manual coding. 

Custom algorithms may need to iterate through each paper individually, applying specific rules and 

criteria, which can be time-consuming, particularly when dealing with a large number of papers. 

Memory Complexity: AI methods can have higher memory complexity compared to custom 

programming approaches. Training AI models often requires substantial computational resources 

and memory to process and store large datasets. The more complex the AI algorithm and the larger 

the dataset used for training, the higher the memory requirements. 

In contrast, the custom programming way can be more memory-efficient since it typically involves 

manual coding of specific rules and criteria. The memory requirements are determined by the size 

of the dataset and the complexity of the custom algorithm. However, custom algorithms can still 

have memory requirements if they involve storing large amounts of data or intermediate results 

during processing. 

In general, AI methods have the potential for faster processing times, especially for large-scale datasets, 

while custom programming approaches may offer more control over memory usage. Consider your 

specific requirements, available resources, and the trade-offs between speed and memory 

complexity when choosing the most suitable approach for your research. 

However, it is important to acknowledge the limitations and challenges associated with the AI method. 

While the model achieved impressive results, it relies heavily on the availability and quality of 

training data. Acquiring diverse and well-labeled datasets, especially in niche or specialized 

domains, can be a significant challenge. Additionally, the interpretability of AI models remains a 

concern, as the decision-making process may be perceived as a "black box" without clear visibility 

into the specific rules and criteria guiding the classifications.  

In comparison, the custom programming way offered flexibility and control over the classification 

process. Researchers were able to define and incorporate specific criteria and rules based on their 

domain knowledge and expertise. This approach allowed for transparency in the decision-making 

process, facilitating easier interpretation and understanding of the classification outcomes. Custom 

programming may be particularly suitable for research contexts where fine-grained control and 

interpretability are critical factors. 

However, the custom programming approach may face challenges in terms of scalability, especially 

when dealing with large-scale datasets. Manual coding and processing of each paper can be time-

consuming and may lack the ability to handle complex patterns and features that AI algorithms excel 

at capturing. Moreover, the custom programming approach may be limited by the availability of 

computational resources and the need for extensive manual effort. In the following table and line 

graph AI method and custom way can be compered. 

Document 

number 

Time(s) Space 

(bit)=>(megabayt) 

50 3.858952283859253 8313724=>1.0392 

100 7.797950744628906 17449461=>2.1812 

500 38.98952283859253 91242401=>11.4053 

Figure 1. Custom method 

Document 

number 

Time(s) Space (bit) 

=>(megabayt) 
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50 2.967352283859253 9729740=>1.2162 

100 5.157930724648906 19459480=>2.4324 

500 33.58959283459293 97297400=>12.1622 

Figure 2. AI method 

 
Figure 3. Compering by time 

 
Figure 3. Compering by space 

It is worth noting that a combination of both approaches, utilizing AI methods for large-scale analysis 

and custom programming for fine-grained control, may offer a more comprehensive solution. By 

leveraging the strengths of each approach, researchers can benefit from the efficiency and scalability 

of AI methods while maintaining interpretability and control through custom programming. 

4 Conclusion 

In conclusion, research contributes to the development of a classification framework for scientific 

papers, offering insights into the advantages and considerations associated with the AI method and 

the custom programming way. The findings highlight the potential benefits of automation and 

scalability provided by AI methods, as well as the control and interpretability offered by custom 

programming. Future research should focus on further refining the AI model, addressing the 

challenges of data availability and interpretability, and exploring hybrid approaches to maximize 

the benefits of both methods in scientific paper categorization.. 
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