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Big Data for Better Science

Guo Yike Pan Wei Yu Simiao Wu Chao Wang Shicai

( Data Science Institute, Imperial College London, London SW7 2AZ, UK )
Abstract Data driven scientific research has now gain great prosperity. However, we believe that the principle task of data science is to
understand the basic problems within data research. In this paper, based on our experience in building the Data Science Institute in Imperial
College London, we consider data science as the core of interdisciplinary research, and discuss the whole pipeline of data science research,
including data integration and understanding, data sensing and interaction, data learning and cognition, and data exchange and economy. We
discuss these basic scientific problems based on our practices in practice. We hope the work presented in this paper can bring thinking and
discussion in a larger scale.

Keywords big data, data science, data-driven scientific research

WA EEFEELFRI AR, FEELFRABHFZLIIK, 1985FE L TR RFHing, Ko
FEEFE, 1993F £k E & BELFRRA AL, BERRATT @A L E R ERIE S B2, K
Bk % IR 19944 38 B i B 22 T BE iR AR 1 - 22 b i L 200244405 4 i B 32 L2 e it AL A A 5 BRI, £ 5 A

606‘2016&'%31%'%6%@



HRER S AR _

REARFBROBEZ—, LEEMRAROIERKETEE SN, 2 AKX HBEILE. REFHE. =4 HAER
BB AMASEFF, 199954 2T & B T £ 09 5% — ANk A2 8] InforSense,  FF T 19994 £20084F % 2 5] i #AT
‘B . InforSense# FE/ ] T20094-6 A 4 B F4n & #5435 % 3 3] L EIDBSA 8] H ¥, & 44— HAm4EIDBS A 8] H4E
BRRIHE . 2012 Ao HRE B A28 2 ranSMART A 2269 B R AR E . 201148 £20134F 42454 4 K 243 &4
L5ERBRFREIHFHIL, 20125 A G LEEFTFAFRINGLE . LEFBER, FAHARTTARBG “HBIPA
F IAERE . AR LSBT F LR R ARAFR, PHRRI AR AR BT EE, A EERF

HHEMFREK ., E-mail: y.guo@imperial.ac.uk

Yike Guo Professor of Computing Science in the Department of Computing at Imperial College London. He is the founding Director of the
Data Science Institute at Imperial College, as well as leading the Discovery Science Group in the department. Professor Guo also holds the
position of CTO of the tranSMART Foundation, a global open source community using and developing data sharing and analytics technology
for translational medicine. Professor Guo received a first-class honours degree in Computing Science from Tsinghua University, China, in 1985
and received his PhD in Computational Logic from Imperial College in 1993 under the supervision of Professor John Darlington. He founded
InforSense, a software company for life science and health care data analysis, and served as CEO for several years before the company's
merger with IDBS, a global advanced R&D software provider, in 2009. He has been working on technology and platforms for scientific
data analysis since the mid-1990s, where his research focuses on knowledge discovery, data mining and large-scale data management. He
has contributed to numerous major research projects including: the UK EPSRC platform project, Discovery Net; the Wellcome Trust-funded
Biological Atlas of Insulin Resistance (BAIR); and the European Commission U-BIOPRED project. He is currently the Principal Investigator
of the European Innovative Medicines Initiative (IMI) eTRIKS project, a €23M project that is building a cloud-based informatics platform, in
which tranSMART is a core component for clinico-genomic medical research, and co-Investigator of Digital City Exchange, a £5.9M research
programme exploring ways to digitally link utilities and services within smart cities. Professor Guo has published over 200 articles, papers and
reports. Projects he has contributed to have been internationally recognised, including winning the “Most Innovative Data Intensive Application
Award” at the Supercomputing 2002 conference for Discovery Net and the Bio-IT World “Best Practices Award for U-BIOPRED in 2014. He is

a Senior Member of the IEEE and is a Fellow of the British Computer Society. E-mail: y.guo@imperial.ac.uk

® FOMFi% B 607



