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The field of bioinformatics has evolved in the last 15 years.
Back in the days when we were students, we were taught the
principle of hypothesis-driven scientific method—a process
which involves formulating a testable hypothesis about a nat-
ural phenomenon, designing and carrying out an experiment
with sufficient statistical power, and carefully analysing the
experimental data to confirm or reject the initial hypothesis.
This process is the bedrock of modern science, including the
fields of biology and medicine. Good scientific findings al-
ways go hand-in-hand with good questions and well-designed
experiments. Importantly, experimental data are generated to
test a specific hypothesis or to address a specific question. In
the field of molecular biology and genetics, genes are exper-
imentally knocked out to assess their potential function. In the
field of structural biology, X-ray crystallography is used to
determine the structure of a protein. In clinical research,
randomised controlled clinical trials are conducted to rigor-
ously test the effect of a drug. In all these examples, data are
generated experimentally to test a predefined hypothesis.
Historically, bioinformatics largely plays a supportive role in
this process by providing useful computational tools to ana-
lyse biological data. Bioinformatics software tools such as
those designed for sequence alignment, phylogenetic tree in-
ferences, molecular dynamics and statistical hypothesis test-
ing for high throughput assays were all useful in helping

scientists interpret the data generated from their experiments,
often well-designed experiments. Nonetheless, the process
largely still follows the standard hypothesis-driven scientific
method in which experimental data are generated, collected
and analysed for a specific purpose. The early development of
biological databases, such as NCBI’s GenBank and Gene
Expression Omnibus (GEO), are some early predecessors of
big data bioinformatics, but they were primarily designed to
be repositories of completed experiments and their data.

This relatively linear scientific method seems to be
slowly shifting in the big data era. We are increasingly
witnessing consortium-based data collection projects
which systematically generate a wide range of
genome-wide data associated with cell lines, cultured
cells, tissues and tumour samples. These data were not
designed to answer one specific question by an individ-
ual researcher or research group; they were designed to
act as reference data sets for all scientists such that they
can use these data to address their specific questions.
Using these open reference data, it is possible to ex-
plore specif ic hypotheses without individual ly
conducting new experiments. For example, if we want
to predict the effect of a DNA mutation in a particular
gene in the human genome, we can now access data
about this gene from various genetic databases online,
and we can already make some reasonable predictions
about the effect of this mutation without performing any
experiment. This process significantly reduces the num-
ber of new experiments, allowing us to focus on formu-
lating and testing more complex and interesting
hypotheses.

Big data can also be collected from other unconventional
sources, such as unstructured data from short text messages in
social media, photographs and data from commercially avail-
able wearable devices. These data may not be initially gener-
ated for any scientific project, but they can be repurposed for
scientific studies as they tend to be abundant and widely avail-
able. Nonetheless, these data also tend to have variable
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quality, such as high sampling bias, a high proportion of miss-
ing data and significant batch effects.

The use of big data in scientific studies not only
necessitates new analytical tools, but also requires a
major swift in mindset. In traditional biology classes,
we learned experimental design and planning. In the
big data era, data are often generated without a specific
predefined hypothesis. As a consequence, the role of
experimental design is partially replaced by the formu-
lation of specific questions, data annotation and
cleaning, feature selection, and retrospective data analy-
sis. To fully harness the power of big data in biology
and medicine, we believe there are three important
elements:

1. Good questions: Biologically meaningful questions are
necessary for any good scientific enquiry, regardless of
whether big data are used in a study. Awell-crafted ques-
tion will determine what data sets need to be included or
excluded, and what type of patterns will be explored and
tested. In the traditional hypothesis-driven approach, a
good question informs good experimental design. In the
big data era, a good question informs the selection of data,
expected patterns to observe, the analysis to be performed
and the type of software to be used.

2. Open data: It is important to obtain good quality data that
are openly accessible. It is especially important to under-
stand the characteristics of the data, including how the
data were generated, what are their statistical properties,
and what the inherent artefacts in the data are.

3. Powerful software: It is a software that can store, process,
analyse and visualise large-scale data that are necessary in
big data projects. Moreover, advanced machine learning
tools such as deep neural networks (deep learning) are
used to build predictive models using a large collection
of data. These artificial intelligence (AI)-based models are
especially useful in translational medical applications.
The validity of these software programs is especially im-
portant as key scientific conclusions are drawn based on
their analytical results.

In this special issue on Big Data, we are fortunate to have
fifteen reviews and letters that discuss all three of these ele-
ments of big data analysis in biology and medicine. We have
articles that discuss how a large amount of open data are used
to address specific biomedical questions, such as discovery of
driver mutations in cancer (Nussinov et al. 2019; Poulos and
Wong 2018); prediction of drug response (Ali and Aittokallio
2018); and discovery of cell type and their gene regulatory
networks (Kabir and O’Connor 2019). We have articles that
discuss the characteristics of a variety of big data in biology
and medicine, including genomic data (Wong 2019);
metagenomic data (Wang et al. 2019); Hi-C data (Pal et al.

2018); ChIP-seq data (Tan and Wong 2019); physiological
data (Orphanidou 2019); and transcriptomic data (Mar
2019). Last but not least, we have articles that discuss the
advances of software technology and analytical methods in
big data analysis, including Bayesian statistical learning for
big data biology (Yau and Campbell 2019); natural language
processing and other curation approaches for GEO (Wang
et al. 2018); machine learning of imaging data (Nichols et al.
2018), a software package for processing data from wearable
wrist-based heart rate monitors (Djordjevic et al. 2019); and
testing techniques for big data software (Zhang and Xie 2018).

In the big data era, bioinformaticians are no longer just
playing a supportive role in biological and medical investiga-
tions by producing software and analytical methods; they are
very much playing a leading role in using big data to conduct
their own scientific inquiries. We hope this special issue in
Biophysical Reviews will serve as a reference for many aspir-
ing big data bioinformaticians for years to come.
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