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Abstract—Systems Biology has moved forward due to high throughput data but current methods in data management are unsuitable for the further significant movement of this field. Data management is essential to increase understanding between the different hierarchical levels of biology, as well as generating accurate and meaningful models. Applications of data management also extend to more clinical biological applications such as deriving treatment plans for patients with HIV.  Current popular databases such as GenBank and KEGG store different types of data making it difficult to integrate. Syntactic and semantic heterogeneity dominate many databases, but methods to promote data integration are being developed. Data federation and ware housing as well as standardized data formats, and the development of ontologies will allow greater data integration. These methods are useful, but further research needs to be done on the unique requirements of biological databases versus what is already available. Complex data types and queries make it necessary to develop new types of databases with richer data structures including metadata.
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I. Introduction
T
he Human Genome Project has been a driving force       
behind the development of technology that aided the high-throughput sequencing of genomes. [1] It is the advent of these technologies that have greatly facilitated the Systems Biology approach. 

This approach attempts to explain biological objects by; 
1. defining the structure and components of the system,
2. systematically perturbing and monitoring the components of the system, 
3. reconciling experimentally observed responses with those predicted by the model, 
4. designing and performing new perturbation experiments to distinguish between multiple or competing model hypotheses. [2],[3]
Systems Biology mandates two approaches: discovery and hypothesis-driven science. [2] This means new hypotheses are developed by analyzing data that has already been gathered. These hypotheses are tested in silico, by computer models, and refined according to what experimental data has shown. It is an iterative process that depends immensely on accurate, high throughput measurement, and great analytical computational power. 


Biology is hierarchical in nature: from DNA, to RNA, to protein, to protein interactions, to informational pathways, to informational networks, to cells, to tissues, to organs, to organisms, to populations and finally ecologies. [2] Understanding all levels of the system will be necessary so that accurate, models can be generated without abstracting essential aspects. [3]
Kitano lists four areas of research which should be pursued for the progress of Systems Biology [3]; genomics and other molecular biology research, bioinformatics (integration of computers, software, databases) [4], analysis of the dynamics of systems, and technologies for high-precision and comprehensive measurements. 

Current methods of Data Management for biology are unsuitable for rapid progress in systems biology. New databases should be developed to meet the specific needs of the life sciences. It is the purpose of this paper to discuss the issues surrounding data management for the progress of Systems Biology.
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Figure 1: Hierarchy of Understanding Systems Biology. [4]
II. Importance of Data Management for               Systems Biology
The advent of high throughput data and increased computational power has in fact lead to enormous amounts of data. Biologists cannot analyze data with the magnitude and complexity of the interactions in a cell. They must rely on databases to store and track data, as well as analytical tools to access, display and interpret data. [2] Thus, they can convert data into information and knowledge. 
A. Potential Benefits of Integrated Data Management
There are many potential and current applications that necessitate excellent data management technologies.  Two biological examples are given.
The Genomes to Life Program – This is the U.S. Department of Energy Office of Science’s systems biology program.  It focuses on environmental microbiology, especially for the purpose of solving energy, and environmental challenges. To study thousands of microbes and microbial systems in their natural environments will require the capture and control of in the range of petabytes (billion megabytes) of data and information. This will be a challenge for design, data mining and visualization as well as a challenge for modelers to find meaningful ways to model with incomplete, and possibly inaccurate, data. [5]
Personalized HIV Patient Treatment – HIV is notorious due to its rapid ability to mutate, rendering it resistant to drugs. The immune system then captures these changes in its own sequences, preventing it from attacking the virus. By comparing these sequences with that of the virus, as well as the history of exposure to medication and response to medications, researchers can determine what mutations have occurred in the virus being carried by the patient, and thus determine the best course of treatment. [6]

B. Popular Biological Databases

Data is often organized in separate databases in accordance to the biological hierarchical level from which it came.

Genomic databases are the largest, most utilized and best maintained, but progression towards understanding the higher levels of biological hierarchy have lead to databases storing different types of data. [2] Though accessing and exchanging data with one of these databases is relatively simple, integrating these data formats proves to be most difficult. 

Biological systems are characterized by many features including, hierarchy, heterogeneity (DNA versus enzymes versus ions, etc.), polymorphism (i.e. the same gene may be spliced at different points to create different proteins), context dependency (i.e. the function of molecules may be dependent upon other conditions in the system), evolution (occurs at the DNA level and up through all levels of biological hierarchy), reprogrammability (i.e. specific signals can lead to the remolding of a body plan), emergent property (not merely a summation of individual components), complexity (separate from biological complexity resulting from hierarchy, heterogeneity, etc.). [7] Thus, the data captured for protein interactions is difficult to consolidate with data captured for genomics because of the inherently different elements used to describe the data.
C. The Problem with Information Islands

Complex relationships and regulatory networks will only be understood with the combined analysis of separate experiments. The ability to map genomes and expression data onto metabolic pathways will enable biologists to understand the relationships between the different levels of hierarchy in a biological system. [8]
Simulation-based studies (or model based) in biology have not taken flight, one reason being the lack of precise data and knowledge that can provide the basis for accurate simulation. [3] This could be a problem of precision measurements as well as a lack of data management technology among the scientific community that already boast a vast collection of data. 

Databases with inaccurate or incomplete data inhibit the widespread use of public data. The lack of experimental standards, data provenance, and standardized ontology and vocabulary lead biologists to mistrust data or perform tedious work in order to find relevant data to their research. [6] Operations that should be performed by computers are being performed by scientists, and thus lead to inefficient use of time and money, slowing down the progress of systems biology. 

The success of systems biology depends on the availability data management tools to analyze, interpret, compare, and manage this abundance of data. [6]

III. Barriers to Data Integration and Data Use

As described in the previous section, many databases contain very different types of data. Data is also stored in different formats: from relational databases, to object-relational databases, to semi-structured text files, to XML. Barriers to integration are numerous. [6]

A. Syntactic Heterogeneity


Syntactic heterogeneity is caused by the use of different types of databases, such as relational versus object relational databases. These use different data models, different querying languages, different storage formats and different computational models. 


The most popular methods to overcome this heterogeneity include data federation and data warehousing. [6],[9] 

Data federation involves building query software above the distributed and heterogeneous databases to physically access the data, in a decentralized manner. Though this method is advantageous because it allows separate databases to maintain autonomy, and allows users to access up to date data in real time, it is expensive. [9]


Data warehousing involves extracting data from their respective databases and storing a centralized copy in a database that supports complex analysis. This method can also be costly due to the hard coding the access, parsing and extraction of data from different data sources. [9] 
B. Semantic Heterogeneity


Semantic heterogeneity is caused by differences in the format, structure, and meaning of key concepts. For example, the same protein sequence is known by different names or accession numbers (synonyms) in GenBank and Swiss-Prot. [6]


Documentation of the contents and structure of data sources is often missing or incomplete or mismatched. Richer biological information is often not explicitly represented via metadata. This metadata could be used by human users or integration software.  [6]

Many databases do not use controlled vocabularies, making them difficult to query. Extensive cleansing and transformation is required for many data sources before they are optimally useful for querying. For example, GenBank is sequence-centric instead of gene-centric, and contains legacy functional characterizations of sequences that are frequently incorrect. [6]

Many times, data is not annotated consistently, or information is incomplete. [2] Example, a protein interaction database may correctly indicate that there is an interaction between protein A and protein B, but may fail to give the strength of binding or the result of interaction on the functional activity of each protein. [2]
C. Evolution of Data Sources and Updating

Another challenge to data integration is the evolution of data sources along with the progress in biological resource. As new experimental techniques lead to the capture of new types of data, and thus change existing databases, biologists have to re-write their applications and queries to access the new versions of the database. [6] Keeping databases updated is another challenge with a rapidly increasing body of biological knowledge. [2]
D. Social Issues


Due to scarce resources, biologists find themselves in a position of competing for financing. Though the sharing of complete, accurate and descriptive data would be advantageous to the rapid progress of systems biology, they realize that there is little money in this approach. Thus, many times, biologists will purposefully omit data to make it more difficult for other biologists to use. [6]
E. Lack of Standardization

Greater interaction between tools, and a common format for publications and databases would allow researchers to spend more time on actual research rather than on struggling with data format issues. [10] There is a need for widely accepted standardized data formats. [8]
 
IV. Current Methods to Promote Data Integration and Use
A. Syntactic Solutions


An efficient, more generalized method for accessing, extracting, and integrating heterogeneous data has been developed by Huang et al. Here, a Java XML based approach allows a data integrator to define desired bio-entities in XML templates or Java XML pages and extract structured, semi-structured, and unstructured data from public databases using embedded SQL statements. [9]


Xirasagar et al. have developed an object model to enable the integration of microarray gene expressions (transcriptomics), protein expression and protein-protein interactions (proteomics) and changes in low molecular weight metabolite levels (metabolomics). The database architecture also allows for the use of controlled vocabulary and ontology.  [11]


The BRIDGE system developed by Goesmann et al. is based on a 3-tiered architecture managed by a project management system. It allows the standardized views of heterogeneous data (ex. Mapping genome expressions onto a metabolic pathway), a colorful graphical front-end, and supports searches for special features.

[8]
B. Semantic Solutions

The Gene Ontology Project has addressed semantic heterogeneity to provide consistent descriptions for genes products across databases. By collaborating with many organizations, they have come up with some consensus on how genes should be described. [12] 


Natural language processing has been beneficial in parsing textual passages to extract key concepts, and cataloguing them systematically. [2] An effort by Palakal et al. derived a method to extract relationships between biological objects from text documents. The method involved Hidden Markov Models, dictionaries, and N-Gram models (a technique of statistical language modeling to allow computers to deal with the complexities of language) to extract these relationships. Biological names were extracted, and grouped by object synonyms before object relationships were extracted. [13] Table 2 shows an example of how words can be classified by at a higher level to facilitate object recognition.


C. Standardization Solutions

The MIAME (Minimal Information for Annotation of Microarray Experiments) has been developed by the microarray community. Other standards include PEDRo (guideline to annotate proteomics data), and HUPO PSI MI (representation and annotation of protein-protein interaction data). [11]
Systems Biology Markup Language (SBML), Level 1 was an effort to define consistent data and model exchange formats among simulator an analysis tools. [3] It is based on eXtensible Markup Language (XML) which is widely used due to its portability. SBML Level 1 defines the common features of several simulators and the minimal information to support non-spatial biochemical models. SBML Level 2 has been released with additional features, while SBML Level 3 is on the way. [14]
There are many other standard formats for exchanging data, such as MathML to exchange math data, KEGG-ML to exchange KEGG database pathway graphs, and Neuro-ML to neural system models. It is important to ensure that having too many different standardized solutions doesn’t defeat the purpose of standardization. On the other hand, the vast and varied scope of data types in the field of systems biology may render it useless to create one standard for all data. A balance must be kept.
V. 
The Ideal Systems Biology Data Management Solution

The key to a good data management system is its ability to allow users to capture, store, access, and retrieve accurate, complete, and relevant data in a relatively simple and timely manner. 


Unfortunately, many believe that data management technology has not kept pace with data generation technology and that further research and development is needed in this field to effectively exploit large biological datasets. [6]

A. Biological Data Types


Relational databases use scalar data types such as Booleans, integers, floating point, strings, and date-time as well as a collection type constructor. Object-oriented databases can construct richer data systems (ex. Metadata), but are limited to the same data types as relational databases. [6]


Biological systems are best described using different data types which are currently not supported by these databases. Please refer to Table 3.
B. Data Mining

Data mining is strongly domain related and it is impractical to assume the existence of a universal algorithm that fits into different scientific and semantic contexts. 
Traditional databases allow equality, range and equi-join queries, while biological research requires more complex queries. [6] Data structures for systems biology are much more complex, demanding more complex methods. [7]

Similarity - These are computed over DNA, RNA and protein sequences and are similar to Blast or Smith-Waterman searches.


Pattern Matching - Finding instances of specific patterns using HMM or chart grammars on sequences as well as graphs.


Pattern Discovery – Detecting frequently occurring pattern in sequences, graphs, shape, etc.


Spatio-Temporal – mapping gene expressions and protein abundance over fine-grid spatial and time scales


Computation – Querying correlation matrix for the clustering of genes and genetic regulatory inference.
C. Data Provenance



Generating precision data is not enough for biologists to make new discoveries with shared data. Biologists will need to know how data has been generated (i.e. the experimental method), as well as who generated it. This is call data provenance. Thus a new database will have to incorporate such a field.
VI. Conclusions
Systems Biology has tremendous potential due to its highly informational nature. Real world, predictive models can be derived from the large stores of biological data collected. It will be interesting to see how new ways of thinking will drive the next generation databases and analytical tools to derive information and knowledge from that masses of data we have collected, and will collect in the future.
References

[1] J. Fox. (2004, Nov. 1) The Human Genome Project: The Impact of genome sequencing on human health. [Online]. Available: http://www.bioteach.ubc.ca/Bioinformatics/humangenome/index.htm
[2] Ideker, T., Galitski, T., and Hood, L., “A New Approach to Decoding Life”, Annu. Rev. Genomics Hum. Genet., vol. 2, pp. 343-372, 2001

[3] Kitano Kitano, Hiroaki, “Looking beyond the details: a rise in system-oriented approaches in genetics and molecular biology”, Curr Genet, vol. 41, pp. 1-10, 2002
[4] J. Fox. (2004, Nov. 1) What is Bioinformatics?. [Online]. Available: http://www.bioteach.ubc.ca/Bioinformatics/whatisbioinform/
[5] M. Frazier, D. Thomassen, A. Patrinos, G. Johnson, C.E. Oliver, and E. Uberbacher. “Stepping up the Pace of Discovery: The Genomes to Life Program”. Bioinformatics Conference, Proceedings of the Computational Systems Bioinformatics. CSB2003. Aug.2003
[6] H.V. Jagadish. “Data Management for the Biosciences: Report of the NSF/NLM Workshop on Data Management for Molecular and Cell Biology”. National Library of Medicine. Nov. 2003. http://www.eecs.umich.edu/~jag/wdmbio/wdmb_rpt.pdf
[7] P.K. Dhar, H. Zhu, S. K. Mishra. “Computation Approach to Systems Biology: From Fraction to Integration and Beyond”. IEEE Transactions on Nanobioscience. Vol. 3. No. 1, Sept. 2004.
[8] A. Goesmann et al., “Buidling a BRIDGE for the integration of heterogenous data from function genomics into a platform for systems biology”. Journal of Biotechnology. vol. 106, 2003
[9] Y. Huang, T. Ni, L. Zhou, and S. Su. “JXP4BIB: a generalized, Java XML-based approach for biological information gathering and integration”. Bioinformatics. Vol.19, no.18, 2003, p.2351-2358
[10] M. Hucka et al., “The systems biology markup language (SBML): a medium for representation and exchange of biochemical network models”. Bioinformatics. Vol.19. no. 4, 2003, p.524-531
[11] S. Xirasagar et al., “CEBS object model for system biology data, SysBioi-OM”. Bioinformatics. Vol.20, no13, 2004, p.2004-2015
[12] Open Biological Ontologies. (2004, Nov.1). An Introduction to Gene Ontology. [Online]. Available: http://www.geneontology.org/GO.doc.html
[13] M. Palakal, M. Stephens, S. Mukhopadhyay, R. Raje, S. Rhodes. A multi-level text mining method to extract biological relationships. Bioinformatics Conference, 2002. Proceedings IEEE Computer Society, Aug. 2002, p:97-108
[14] A. Finney, M. Hucka. “Systems biology markup language: Level 2 and beyond”. Biochemical Society Transactions. Vol.31, part 6, 2003, p 1472-1473
TABLE I


Popular Biological Databases


Type of Database�
Examples�
�
Genomic�
Human Genome Database, Mouse Genome Database, GenBank�
�
Transcriptomic 


(m-RNA expressions)�
European Ribosomal RNA Database�
�
Proteomic�
Protein Data Bank (PDB), Swiss-Prot�
�
Protein-Protein Interaction�
Database of Interacting Proteins (DIP), Biomolecular Interaction Network Database (BIND), MIPS�
�
Protein-DNA


Interaction�
TRANFAC, SCPD�
�
Metabolic Pathways�
EcoCYC, Kyoto Encyclopedia of Genes and Genomes (KEGG), MetaCYC�
�
Others�
Chemical Abstracts Service�
�






TABLE 2


Object Examples in Biology [13]


Class�
Example�
Description�
�
g�
ZFH-1, LanA�
Gene�
�
p�
Hemoglobin, Ubiquitin�
Protein�
�
do�
DNA binding domain�
Protein Domain, region, subunit�
�
c�
hiPit-1 cells�
Cell Type�
�
e�
Electrophoresis�
Experiment�
�
r�
mRNA, tRNA, rRNA�
RNA�
�
dna�
TAT box, Enhancer, Promoter�
DNA�
�
o�
Human, Mouse�
Organism�
�
or�
Heart, Lung�
Organ�
�
ol�
Nucleus, Golgi�
Organelle�
�
ch�
Prozac, Water, Calcium�
Chemical/Drug�
�
d�
Cancer, Diabetes�
Disease�
�
�
�
�
�






TABLE 3


Popular Biological Databases*


Data Type�
Description�
�
Sequences�
DNA,RNA, and proteins are currently represented by strings. This makes it difficult to annotate sequences.�
�
Graphs�
Biopathways such as metabolic pathways, signaling pathways, and gene regulatory networks.�
�
High-Dimensional Data�
Micro Array data are spot intensities over the Cartesian product of genes and samples.�
�
Shapes�
3D molecular structure described by ball and stick models. �
�
Scalar and Vector Fields�
Spatio-temporal data such as the reactant and charge distribution across the volume of a cell.�
�
Patterns�
Motifs in DNA, RNA, and protein are often represented as regular expressions or Hidden Markov Models.�
�
Mathematical and Statistical Models�
Systematic method for representing, querying and sorting these models. XML based formats are inadequate. Computer algebra are required. �
�
Text�
Needs to support the varied requirements of natural language processing. Current databases do not have this.�
�
*Derived from [6] 
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