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Abstract: The abundance of information in academic articles, reports, and studies can make it

challenging for researchers to gain insights from the existing literature. To address this issue, there is

a growing demand for tools that can help researchers effectively parse and analyze large volumes of

data. One such tool is DataDiscoveryLab, a software system that utilizes computer vision algorithms

and NLP techniques to parse academic articles into text and figures, creating three separate databases.

These databases allow researchers to quickly identify articles that may be relevant to their research

questions, gain a deeper understanding of the research presented, and analyze visual data. The

integration of article mining and computer vision in the DataDiscoveryLab software system provides

researchers with a powerful tool for navigating the vast amount of scientific literature available

today. Yet, as we will discuss in the latter papers these databases’ purpose is to create a bridge

between researchers’ data and practically unlimited scientific publications. Yet, in this article, we will

discuss how we plan to do that, and our efforts on integrating deep learning modes. After all, unlike

already existing AI models, DataDiscoveryLab can be their combination and the first Generative AI

in academia that can encompass every part of the natural sciences.

Keywords: data analysis; computer vision algorithms; visual data; natural language processing;

scientific research

I. Introduction

In the realm of scientific research, the vast amount of information present in academic literature,

reports, and studies can pose a difficulty for researchers in locating pertinent data and drawing

valuable conclusions. As a solution to this problem, there is an increasing demand for tools that enable

researchers to efficiently navigate and scrutinize the vast quantity of data at their disposal.

Several influential articles have explored the use of artificial intelligence (AI) to help researchers in

this regard. For example, [1] discussed the application of deep learning to computational biology and

the potential for using neural networks to predict RNA binding sites, [2] provided an overview of the

history and current applications of AI in healthcare, while [3] examined the history and state of the art

of machine learning in medical diagnosis. In addition, [4] provided a survey of recent research using

machine learning in natural sciences, including molecular and materials science, single-cell genomics,

and Earth system science. In line with these studies, [5] investigated the effect of the topological

shape and orientation of oxide fillers on the properties of polymer/ceramic nanocomposites using

high-throughput phase-field simulations.

One such tool that addresses this need is DataDiscoveryLab, a software system that utilizes

computer vision algorithms and NLP techniques to parse academic articles into text and figures. This

creates two separate databases that can be used to find similarities between users’ research questions,

experimental setups, and existing literature. The system then utilizes this data to provide researchers

with the most relevant pathways to research and articles to read, ensuring that they can make informed

decisions about their work. Also, here we would like to add that it can be enlarged by using every

laboratory’s Standard operating procedures (SOPs) to analyze different methods’ roles.

Auto-GPT, a recent example of an AI-powered task management system, is an innovative

application that utilizes AI to perform autonomous tasks [6]. Several influential projects and articles
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have explored the use of AI in this regard [7]. For instance, [8] introduced the Transformer architecture

for sequence-to-sequence tasks, which has since become a cornerstone of modern natural language

processing and highly known tools like ChatGPT by OpenAI. [9] introduced the BERT architecture,

currently one of the most widely used pre-trained language models for NLP tasks. For instance on the

image recognition side, [10] introduced the AlexNet architecture, which marked the beginning of the

deep learning revolution in computer vision. [11] introduced the YOLO object detection algorithm,

known for its fast inference speed and high accuracy. [12] introduced the GAN architecture, which has

since become one of the most popular and versatile frameworks for generative modeling in computer

vision. These articles are important building blocks for Auto-GPT and other AI systems that aim to

automate tasks and improve efficiency by utilizing text and image-based deep learning models.

By using some of these tools from these two domains, DataDiscoveryLab can be a powerful

tool that can help researchers save time and resources while gaining valuable insights from existing

literature. With the ability to parse large volumes of data and find relevant information quickly, this

system can significantly enhance the research process, ultimately leading to more impactful research

outcomes.

According to [13], every year 7 million articles are published and from them, 1.8 million of them

have more than 5 citations. This means two things, one, publishing is increasing day by day, and

two, we cannot keep up with every published article, and we may be missing the critical articles

that can help specifically with our research problems. Here our purpose is to create a bridge with

nearly every published article, standard operating procedure, and documentation of scientific devices

and software to find patterns for near Artificial General Intelligence Generative academic Artificial

Intelligence. We are doing it by integrating already existing features of different deep learning models,

such as DeepSearch by IBM to parse and retrieve the relevant information for us, Look, Read, and

Enrich by[14] to create an improved deep learning figure and caption fusing model by their using,

text-embedding-ada-002 by [15] to create embeddings to train, in latter stages, LLMs which will be one

of the paramount parts of this project. So far, we have created a pipeline to retrieve titles, introductions,

methods, conclusions, captions, and references of articles with DeepSearch, a Docker image and a

container for Look, Read, and Enrich, and vectorized articles with text-embedding-ada-002 for more

than 8000 articles. In short, our plan is to increase the number by collaborating with journals and start

to integrate the platform by collaborating with companies about scientific devices and software to start

a new era of scientific discoveries.

II. Article Database and Sub Databases Based on Article Database

Article mining is the process of extracting valuable information and insights from scientific articles

using automated techniques. This involves collecting a corpus of articles, often from online databases

or other sources, and pre-processing the text data to extract relevant features, such as keywords,

abstracts, or citation networks. Machine learning algorithms can then be applied to these features to

uncover patterns, relationships, or other meaningful information.

For example, in the study, [16], article mining was used to extract sentence-level linguistic features

from a corpus of scientific abstracts, which were then used to build models that predict the readability

of the abstracts. This type of article mining can be valuable for understanding the structure and

content of scientific writing, as well as for developing tools to improve scientific communication and

accessibility.

The creation of the article database is a crucial part of the DataDiscoveryLab software system,

which utilizes article mining to provide researchers with a comprehensive approach to analyzing

academic articles. This software system can collect articles from different scientific journals; yet for the

current construction of the demo, we will be solely using arxiv.org, and parsing them into text and

figures, which are then analyzed using NLP and computer vision algorithms to create three separate

sub-databases.
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The first sub-database includes titles, captions, and references from the articles, allowing

researchers to quickly identify articles relevant to their research question. The second sub-database

includes abstracts, introductions, methods, and results from the articles, providing researchers with

more detailed information about the articles and a deeper understanding of the research presented.

This would enable us to lessen the computational power by first finding the category of researchers’

questions and setups by finding connections with the first sub-database. After that, we would be able

to connect to the specific studies to analyze each of the questions in specific research areas.

Another important part of this is to consider scientific figures due to their ability to deliver some

of the most significant information in themselves. Therefore analyzing them is more than crucial.

Scientific mining, also known as figure analysis or image analysis, is the process of automatically

extracting information from scientific figures, such as graphs, plots, and diagrams, in order to gain

insights into the underlying data. This approach has become increasingly important in recent years

as the volume of scientific literature has grown exponentially, making it difficult for researchers to

manually analyze and interpret the vast amount of visual data presented in scientific articles.

The third database is an image-based database that contains the figures from the articles, created

by using computer vision algorithms to detect and extract individual figures. This database can be

particularly useful for researchers working in fields that rely heavily on visual data. This would be

enhanced as our database of articles will increase, yet we are aware that it should be strengthened by

using different deep-learning models and their combinations.

The combination of these three sub-databases with the use of NLP and computer vision algorithms

will allow researchers to gain a more complete understanding of the research presented in the articles.

Additionally, the quick and efficient analysis of large volumes of data makes it easier for researchers

to find relevant information and make informed decisions about their research. On the whole, the

integration of article mining in the DataDiscoveryLab software system can provide researchers with a

powerful tool for navigating the vast amount of scientific literature available today.

Figure 1. Article Database and sub-databases nucleation.

III. Prompt-Based Search

Recent articles have explored the potential benefits and drawbacks of using conversational AI

technology with prompt-based search in scientific research [17,18]. While there are concerns about

transparency, accountability, and bias, there are also potential advantages of using this technology.

One way researchers can utilize this technology is through systems like DataDiscoveryLab.

By using Large Language Models (LLMs) to analyze and understand research questions,

DataDiscoveryLab can find connections with relevant articles, extract the most important information,

and provide researchers with a comprehensive and efficient method for analyzing academic articles

and gaining insights from existing literature.
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The use of LLMs in scientific research is promising, and the study by [19] demonstrates the

potential benefits of using prompt-based LLMs in medicine, where accurate and reliable information is

crucial for patient care. By using prompt-based strategies, the authors were able to develop an LLM

model that could accurately and reliably answer medical questions. This has important implications

for the medical field, as it could potentially improve the speed and accuracy of diagnoses, reduce

the workload of healthcare professionals, and provide patients with more accessible and reliable

information.

In this context just showing the capabilities of OpenAI’s GPT-4 [20] is enough to comprehend

how these kinds of systems can benefit our software in the picture.

Moreover, LLMs are continuing to develop and become more sophisticated, with the potential

to revolutionize scientific research in fields where large amounts of data need to be analyzed and

interpreted. Systems like DataDiscoveryLab can play a crucial role in this evolution, by providing

researchers with the tools they need to efficiently analyze vast amounts of articles.

In conclusion, the potential benefits of using prompt-based search in scientific research are clear.

By generating personalized and relevant search prompts, these systems can help researchers and

medical professionals access and interpret large volumes of complex information, ultimately leading to

improved outcomes and discoveries. DataDiscoveryLab is a powerful tool that harnesses the potential

of LLMs in scientific research and provides researchers with the ability to gain insights from existing

literature in a comprehensive and efficient manner.

Figure 2. Analysis of Researchers’ Questions among text-based databases.

IV. Data-Based Search

Nowadays, most scientists are about or already embraced deep learning algorithms at their

cores due to large datasets of scientific data. For instance, as the field of Earth system science has

seen a dramatic increase in data availability, recent advances in statistical modeling and machine

learning have provided exciting new avenues for extracting knowledge from these vast amounts of

data. Machine learning has become an essential part of geoscientific processing schemes, and it has

co-evolved with data availability over the past decade, leading to early landmarks in the classification

of land cover and clouds. The combination of unprecedented data sources increased computational

power, and recent advances in statistical modeling and machine learning,[21] offer promising new

opportunities for expanding our understanding of the Earth system. Deep learning, in particular,

holds great potential for building new data-driven models of Earth system components, providing

new insights into complex interactions within the Earth system.

Machine learning has also shown significant potential in scientific research in molecular and

materials science[22]. Despite the challenges associated with its use, researchers can overcome these

limitations by making their data accessible in a computer-readable format, exploring meta-learning,

and developing efficient chemical representations.

Another example can be the partnership between the Scientific Computing Department at RAL

and the Alan Turing Institute is a promising development in the field of machine learning and

AI. The examples discussed in the article demonstrate the potential of machine learning to enable

breakthroughs in a wide range of scientific fields. With the continued growth of Big Scientific Data

generated by UK national facilities, the use of machine learning and other AI technologies will likely

become increasingly prevalent in scientific research, enabling researchers to gain valuable insights

from vast amounts of data.[23]
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The DataDiscoveryLab can be at the forefront of using artificial intelligence (AI) to revolutionize

the scientific research community’s understanding and analysis of scientific data. With its ability

to quickly and accurately process vast amounts of information, AI has become an essential tool for

identifying patterns and trends in scientific experimental and simulation data. All of them can be done

by connecting scientific devices and software to this platform to easily retrieve scientists’ data from

their studies to analyze the potential. Also, we would like to add that these data will be interpreted by

the figures of articles, and the provided data by researchers, from their devices and software, will be

transformed into figures and with their prompts about their methods, setups, and research questions

the understanding of their figures will increase. This feature is particularly valuable for researchers

working in fields that rely heavily on visual data, such as biology, chemistry, and physics. By analyzing

figures and associated text data, researchers can gain valuable insights into the data and conclusions

presented in academic articles.

The result of this analysis could be added to the user database, which contains all relevant

information and insights gained from the analysis. By combining computer vision algorithms with

natural language processing-based analysis, the DataDiscoveryLab system can provide researchers

with a powerful tool for gaining insights from academic articles. This technology has the potential to

revolutionize the way researchers approach their work, enabling them to make informed decisions

about their research and gain a deeper understanding of their field.

Figure 3. Analysis of Researchers’ Data with Questions among text and figure-based databases.

V. Loop of Excellence

Re-evaluating input data with the outputs of AI is a powerful technique that can significantly

enhance the accuracy and reliability of AI systems. By utilizing this technique, researchers can refine

and improve their AI algorithms by continuously analyzing the outcomes of the algorithms and using

them to improve the input data.

Image refinement is a powerful technique used in various fields to improve the quality of images.

In cryo-electron microscopy, image refinement has enabled the determination of high-resolution

structures of challenging macromolecules. The maximum-likelihood approach proposed by [24] has

become an essential tool for analyzing single-particle images, revolutionizing the field. Similarly,

in computer graphics and artificial intelligence, image refinement has led to the development of a

breakthrough approach for synthesizing photorealistic images from semantic layouts. [25]’s approach

uses cascaded refinement networks to produce photographic images that conform to a given semantic

layout, without relying on computationally expensive light transport simulation. In social media

platforms, image refinement plays a crucial role in improving the quality of social media annotations.

Image refinement involves improving the quality of human-provided tags by organizing data for

manual labeling, improving the quality of human-provided tags, or recommending tags for manual

selection, instead of relying solely on automatic tagging. The importance of image refinement in

social media platforms is emphasized by [26]’s survey, which highlights the need for a more thorough

empirical comparison of different approaches. To sum up, image refinement is an essential tool

for improving the quality of images and has applications in various fields, including cryo-electron

microscopy, computer graphics, and social media platforms.
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In recent years, researchers have proposed various methods for text refinement, including manual

and automatic approaches. Automatic methods are gaining popularity due to their ability to process

large-scale data collections. One method [27] involves mining anchor text for generating query

refinements automatically. Anchor text provides valuable information for query refinement and

can produce high-quality suggestions. Semantic analysis, multilingual text processing, and domain

knowledge integration are some challenges that need to be addressed in text refinement.

In the realm of text-to-image synthesis, a new approach [28] called DM-GAN has been proposed,

which utilizes a dynamic memory module to refine the image contents accurately. The model

outperforms existing text-to-image synthesis methods and addresses issues related to image accuracy

and diversity.

Additionally, an article highlights the benefits of text-based refinement tools in improving the

accuracy of decision-making and knowledge-intensive tasks. The article introduces Reflexion [29] and

presents two experiments, AlfWorld and HotPotQA, to demonstrate its effectiveness. The experiments

show that Reflexion can improve the performance of agents in complex tasks and can enable discovery

in previously challenging environments.

The DataDiscoveryLab system can be an example of a tool that uses this approach to continuously

refine and optimize its analysis, like those mentioned above. The system analyzes the database that

contains abstracts, introductions, methods, and results of articles, along with the user database that

has been fed with the results of researchers’ prompts and data, using LLMs to identify patterns and

connections between the different sources of information. The analysis is then refined according to the

database, allowing the system to gain a deeper understanding of the research presented in the articles

and the insights gained from the user database.

This iterative process is known as the Loop of Excellence, representing a continuous cycle of

refinement and optimization that provides researchers with the best possible insights and outcomes. By

leveraging advanced data analysis techniques and machine learning algorithms, the DataDiscoveryLab

system provides researchers with a powerful tool for gaining insights from academic articles and

advancing their research.

Figure 4. Usage of Users’ Databases for nucleating recommendations.

VI. Conclusion

The abundance of information available in the form of academic articles, reports, and studies

can make it challenging for researchers to find relevant data and gain insights from the existing

literature. To address this need, the DataDiscoveryLab software system has been developed to provide

researchers with a comprehensive approach to analyzing academic articles.

Utilizing advanced computer vision algorithms and NLP techniques, the system can quickly

parse articles into text and figures, creating three separate databases. These databases can be used to

find similarities between users’ research questions and existing literature and can integrate users’ data

from scientific software and devices. This creates a loop that can lead to the best answer and pathways

for research, ultimately providing researchers with the most relevant articles to read.

The creation of these databases, along with the use of advanced data analysis techniques, provides

researchers with a clear path forward for their research and helps them make informed decisions about
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their work. By enabling researchers to parse large volumes of data and find relevant information

quickly, DataDiscoveryLab significantly enhances the research process and can lead to more impactful

research outcomes.

In general, the integration of article mining in the DataDiscoveryLab software system provides

researchers with a powerful tool for navigating the vast amount of scientific literature available today.

With the ability to efficiently analyze academic articles, this system has the potential to revolutionize

the way researchers approach their work and ultimately contribute to more meaningful scientific

advancements.

Appendix A. Methods

Appendix A.1. Creating Text-Based Article Database

To create a comprehensive article database, the DataDiscoveryLab software system utilizes IBM’s

DeepSearch to retrieve text-based information such as references, abstracts, introductions, methods,

and results. This information is then parsed and stored in the appropriate sub-databases. Additionally,

web scraping techniques are used to retrieve titles and affiliations.

DeepSearch has been previously used in various publications such as [30], [31], [32], and [33].

These publications demonstrate the effectiveness of DeepSearch in extracting and analyzing text-based

data.

The article database and sub-databases allow researchers to quickly identify relevant articles and

gain a deeper understanding of the research presented in those articles. By utilizing DeepSearch and

other techniques for data retrieval, the DataDiscoveryLab software system provides a comprehensive

approach to analyzing academic articles.

After analyzing articles to parse them into text-based versions, the system uses natural

language processing (NLP) methods to clean and then embed them with tools like OpenAI

text-embedding-ada-002[15]. This ensures that the text-based information is accurate and easily

searchable.

Appendix A.2. Creating Figure-Based Article Database

To create a comprehensive article database, the DataDiscoveryLab software system utilizes

a range of tools and techniques for extracting and analyzing scientific figures. One such tool is

Deepfigures-open, which is based on the article [34]. Deepfigures-open has been widely used in other

research projects, including [35], [36], [37], [38], [39], and [40].

The DataDiscoveryLab software system also leverages other resources to enrich the figure-based

article database. For instance, the software uses EXSCLAIM, based on the article [41], to extract

labeled images from articles. Additionally, the system employs EXACT, based on the article [42], to

facilitate collaborative annotation of images. Other tools, such as ArtPop, based on the article [43], and

TEMExtraction, based on the article [44], are also can be used to enhance the figure-based database. As

well as the MedICaT dataset, based on the article [44] which includes medical images, captions, and

textual references, can be used in conjunction with other resources to enhance medical image analysis

and natural language processing tasks. These tools will be to increase the quality of classification

process for creating Knowledge-based Graphs, which is one of our plans for the future to increase this

system’s capabilities.

The DataDiscoveryLab software system integrates these various tools and techniques into a single

framework called Look, Read, and Enrich, which is based on the article [14]. This framework allows

researchers to quickly search, browse, and explore the figure-based database to gain insights into

the research presented in the articles by using graph-based knowledge which would be helpful for

us to get to the Generative Artificial Intelligence level. In this context, constructing the data and

prompts retrievals from researchers and their systems using sequence-to-graph models like [45], [46],

and many others for processing data and transformers models like [20], [47], and [7] for specialized
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pseudo-knowledge-based-graph sentiment analysis can increase this system’s abilities on generating

new research possibilities.

Overall, the creation of the figure-based article database, along with the text-based and

sub-databases, will provide researchers with a powerful tool for exploring and analyzing academic

articles.
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