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ABSTRACT

With the emergence of a new paradigm called Open Science and Big Data, the need for data sharing and collaboration is also 

emerging in the computational science field. This paper, we analyzed data-driven research cases for computational science by field; 

material design, bioinformatics, high energy physics. We also studied the characteristics of the computational science data and the 

data management issues. To manage computational science data effectively it is required to have data quality management, 

increased data reliability, flexibility to support a variety of data types, and tools for analysis and linkage to the computing infrastructure. 

In addition, we analyzed trends of platform technology for efficient sharing and management of computational science data. The main 

contribution of this paper is to review the various computational science data repositories and related platform technologies to analyze 

the characteristics of computational science data and the problems of data management, and to present design considerations for 

building a future computational science data platform.

☞ Keyword : data-driven, computational science, trend, platform

1. Introduction 

There is a growing demand for open science that can open 

up diverse data such as research, experiment, observation, 

simulation, and improving the efficiency of research and 

education. Open science was mentioned as a way to solve 

current global and social problems such as climate changes 

through international cooperation at the World Science & 

Technology Forum which was held in the Republic of Korea 

in October 2015. Open science [1] aims to make scientific 

research, data, and other artifacts accessible to everyone. At 

present, the world trend is to maximize research efficiency by 

opening and sharing research outcome. 

In addition, with the explosion of interest in big data in 

recent years, a data-driven research methodology that retrieves 

meaningful information from big data has attracted attention 

1 KISTI, 245 Daehak-ro, Yuseong-gu, Daejeon, 34141, Korea
* Corresponding author (siahn@kisti.re.kr)
[Received 29 August 2017, Reviewed 6 September 2017(R2 25 
October 2017), Accepted 27 November 2017]
☆ This research was supported by "Establishment and management 

of national research outcome utilization system" project of Korea 
Institute of Science and Technology Information(KISTI).

☆ A preliminary version of this paper was presented at ICONI 
2016 and was selected as an outstanding paper.

[2-5]. The data-driven research methodology utilizes theories 

and techniques of various fields such as machine learning, 

statistics, data mining and artificial intelligence.

With the emergence of a new paradigm called Open 

Science and Big Data, the need for data sharing and 

collaboration is also emerging in the computational science 

field [6]. Research data through computational science is 

explosively generated, but research on the analysis of these 

big data is rare. Sharing and reusing data derived through 

computational science not only avoids duplication of 

computations that are time-consuming, but also saves costs, as  

well as a new research method that extracts meaningful 

information through the analysis of accumulated 

computational science data can be provided.

These computational science data sharing is still in its 

infancy, but it has already been applied in several fields. 

Typical fields include new material development, 

bioinformatics, high energy physics and so on. 

The main contribution of this paper is to benchmark the 

various computational science data repositories and related 

platform technologies to analyze the characteristics of 

computational science data and the problems of data 

management, and to suggest design considerations for 

building a future computational science data platform. Section 
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2 introduces  data-driven research cases for computational 

science by field. In Section 3, we analyze the characteristics 

of the computational science data and the data management 

issues. In Section 4, trends of platform technology for 

efficient sharing and management of computational science 

data. In Section 5, we conclude this paper and introduce the 

direction of future research.

2. Data-driven research cases for 

Computational Science 

2.1 Material Design

For the new material design, computational science 

methods have been used to shorten development time through 

existing experimental methods. In recent years, some 

researches have been using data mining, machine learning, 

genetic algorithms, and other techniques to build material 

physics databases based on computational science and to 

analyze and predict material big data to further shorten 

material development time. Material properties calculations 

are based on the first principles calculation algorithm and 

utilize software such as Quantum Espresso [7], VASP [8] and 

WIEN2K [9].

(Figure 1) The portal of Materials Project [11]

Since 2011, the United States has been promoting material 

designing using data through the MGI (Material Genome 

Initiative) [10], and the core program Material Project [11] 

has been building a material property database through 

computational science using supercomputers. The current 

Material Project includes computational simulation data about 

more than 60,000 inorganic compounds and more than 

500,000 nanoporous materials. Japan is building the MatNavi 

[12] material science database, and NoMaD [13] Project in 

Europe also collects results of simulating material properties 

from researchers.

2.2 BioInformatics

Bioinformatics uses molecular dynamics simulations to 

solve protein folding problems. Molecular dynamics is a 

method of analyzing the motion of molecules by solving 

Newton equations through computational simulation. Protein 

folding and other computational simulation results can be 

reused for future analysis, but they are not preserved in 

practice and are often discarded after use. This leads to 

problems such as redundancy in a long time consuming 

calculation of molecular dynamics and a lack of reference 

data for benchmarking.

To solve these problems, there have been various attempts 

to construct the calculated simulation results as a database in 

the field of bioinformatics. Dynameomics [14] Provides 

databases and services on the results of approximately 7,000 

molecular dynamics simulations for studies on protein folding 

and stability. MoDEL (Molecular dynamics extended library) 

[15] constructed a database of molecular dynamics simulation 

results for 1,700 monomeric soluble structures of PDB [16]. 

Similar projects include BIGNASim [17], IBIOMES [18], 

And DCMS [19].

2.3 High-energy physics

In the high energy physics field, Monte Carlo computing 

simulation method is used to generate and utilize tens of 

times of virtual data in addition to the data generated by the 

accelerator. It is statistically difficult to prove theories and 

models with the data generated by the accelerator only due to 

lack of the number of samples. Therefore, it is usual to 

generate additional Monte Carlo data, that is shared and 

analyzed by researchers. Belle, CMS, ATLAS, ALICE, etc. 

has built their own customized database for Monte Carlo 

simulation data, and databases such as HepSim [20] are also 

in service.
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(Figure 2) The portal of iBiomes [18]

(Figure 3) The HepSim service [20]

3. The characteristics and issues 

in the management of 

computational science data

The primary goal of developing and sharing computational 

science simulation database is to avoid calculation redundancy 

and reduce costs. In many cases, in addition, they are 

performed for data analysis which extracts meaningful 

information by analyzing the accumulated computational 

science data. The general data which have been managed 

through conventional database have requested a quick search, 

using keywords. In contrast, computational science data often 

asks for the integrated analysis of related data as well as 

certain metadata-based search. 

First, for effective data analysis, data quality control 

needed for high-level analysis is critical. Hence, a high level 

of quality control functions such as curation, validation and 

workflow is required. To accumulate and search community 

knowledge in an efficient and productive manner, controlled 

vocabulary and utilization of ontology are very important. 

Second, unlike experimental data, data reliability often 

becomes an issue in computational science data. Therefore, it 

is crucial to increase the reliability of simulation data by 

opening data provenance and revealing a possibility 

reproduction. It is also needed to provide a method with 

which the level of simulation data accuracy can be checked 

through comparison with experimental data. The provenance 

of the simulation data becomes not only a means of reliability 

guarantee and a target of search as metadata. Therefore, there 

should be support on the efficient storage, management, 

search and analysis of the provenance of the simulation data.

Third, there should be flexibility to support the diverse 

types of computational science data. Because metadata which 

can be extracted from the computational science simulation 

results are very diverse and complicated, there should be a 

method to automate the extraction of metadata from the 

simulation data. In addition, several software programs could 

be used for analysis even under the same purpose, and 

metadata extraction methods differ. In addition to the 

metadata extraction method, a data validation method is also 

different. Depending on data types, data expression, search 

and analysis methods and utilization tools change. For the 

management of diverse data in extensible fashion, there 

should be a flexible framework which can support customized 

curation, view, search, analysis and other functions. 

(Figure 4) diversities in management of scientific 

data
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Fourth, there should be a connection between analysis 

tools and computing infrastructure. The computational science 

data are expressed in diverse formats including texts. 

Therefore, the tools which cover post-processing such as 

visualization as well as a simple text viewer are often used. 

Therefore, there should be an option which can connect 

several tools depending on the type of simulation data or file 

type. As mentioned above, it is needed to reveal a possibility 

of reproduction to increase data reliability. Furthermore, it is 

pretty common to analyze the data through large computing 

resources for the stored data. To support this, there should be 

a connection between the simulation data and computing 

resources. 

Figure 5 summarizes the features and management issues 

of the computational science data described in a single 

picture.

(Figure 5) characterisitcs and requirements of 

computational science data

4. Computational Science Data 

Platform Technology Trends

Sharing and managing computational science data requires 

a platform to efficiently collect, preprocess, store, access, 

search and analyze data. The computational science data 

platform is a data management system that facilitates the 

collection, selection, preservation, long-term availability, 

dissemination and access of research data.

The well known platforms in computational science are the 

Nano Hub [21] and Hub Zero [22]. These platforms provide 

a foundation for easily leveraging computational science 

software on the Web and support the development of 

computing software collaboratively and dissemination. It 

provides the features to upload and share educational content 

and simple data, but it does not yet support sharing and 

managing the results of computational science simulations. 

NeesHub [23] has developed a platform to share and manage 

seismic experiment data by extending the hub zero platform.

AIIDA (Automated Interactive Infrastructure and Database 

for Computer Science) [24] was developed with the goal of 

a flexible and scalable platform for managing, preserving and 

distributing computational science software, data and 

workflow. It provides an environment for abstracting various 

computing infrastructures to execute simulations as well as 

supporting the repository of simulation result data. In order to 

increase the reliability of the simulation data, AIIDA manages 

the provenance of data generation as well as the 

computational science data itself and provides a reproduction 

feature. However, it lacks a GUI or Web-based interface, 

making it difficult for researchers to access. It is currently 

used to provide an efficient environment to run the Quantum 

Expresso software in the new material development field and 

to manage the simulation result data.

Data management platforms are often devided into tow 

categories: general purpose data platforms and specialized 

purpose data platforms. General purpose data management 

platforms include DSpace [25], Fedora Commons [26], 

Islandora [27], Ckan [28], and Dataverse [29]. Dspace is the 

digital data repository developed by MIT and HP in 2002 and 

is currently the most widely used software. It stores and 

manages various digital contents such as PDF, Word, JPG, 

MPEG, and etc, and it was developed based on Java and 

relational database. The biggest feature is the turnkey method, 

which is very easy to install and use. It supports metadata 

collection based on the OMI_PMH protocol [30] and may 

also collect data based on the SWORD protocol [31]. It is 

possible to customize it to fit in a specific environment, but 

it is not sufficient to provide the flexibility to support various 

computational science data. Islandora is a general purpose 

data repository developed by extending the Fedora Commons. 

Islandora was developed using the Drupal content 

management system to support flexible data processing and 

web-based customized data representation. The preprocessing 

functions according to the data type can be customized by 

using the Drupal hook, and the developed modules can be 

provided by the plug-in method. However, because it is a 

general-purpose data store, it is not suitable for storing 
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complex and large-scale computational science data files and 

does not provide a computing infrastructure necessary for 

preprocessing or analysis. These general purpose data 

platforms have limitations in searching for community specific 

data or providing a high level of analysis. 

In addition, there are many special purpose platforms by 

field. Typical examples are Materials Project, NoMads in 

materials field, LTER [32] in long-term ecology research 

field, DataOne [33] in global environment field. These 

platforms are community- specific data repositories and have 

the limitations of being less scalable to other areas.

Figure 6 shows cons and procs between special purpose 

data platform and general purpose data platform. And Figure 

7-9 compares and summerizes features of various data 

platforms. DSPACE, Islandora, CKAN, PURR platforms are 

in the category of common purpose data platform, and 

Materials project is in the category of special purpose data 

platform. 

(Figure 6) cons and procs between special purpose 

data platform and general purpose data 

platform

(Figure 7) comparison of various data repositories 

: data submission

(Figure 8) comparison of various data repositories 

: Metadata, and Data management

(Figure 9) comparison of various data repository : 

Interface, Security, Search and Analysis

5. Conclusion

This paper analyzed data-driven research cases for 

computational science by field. And we analyzed the 

characteristics and management issues for sharing and reusing 

computational science data. To manage computational science 

data effectively it is required to have data quality 

management, increased data reliability, flexibility to support a 

variety of data types, and tools for analysis and linkage to the 

computing infrastructure.

Most computational science data platforms are developed 

specifically for the community, so that they are not scalable 

to other areas. Conventional general purpose data repositories 

have limitations in providing advanced search or high-level 

analysis for community- specific data. Although some 

researches are aiming at a general purpose computational 

science platform, they have limitations in their user interfaces 

and preprocessing features. 
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