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1 Introduction
For this paper we have selected three topics in statistics which might influence future scien-
tific research in certain areas. The first selected topic is shape analysis. The second topic is
False Discovery Rate (FDR) and its overall influence on largescale data analysis; the Empirical
Bayesian approach takes this topic forward. The third topicis of data assimilation which has
influenced climate change. We conclude with some futuristicremarks.

Importantly, there is a committee of the National Science Foundation, USA which is look-
ing intoThe Mathematical Sciences in 2025. The idea is three fold: "This strategic examination
will cover three aspects of the mathematical sciences enterprise: discovery, connections, and
community. Here, "discover" refers to basic research at thefrontiers of knowledge in mathe-
matics and statistics. "Connections" refers to exploitingresearch opportunities at boundaries of
the mathematical sciences to promote the progress of science, to enhance national security, and
to strengthen economic competitiveness. "Community" refers to cultivating a community of
researchers, students, and professionals of sufficient breadth, depth, and diversity to sustain the
nation’s mathematical sciences enterprise in the 21st century." (AMSTATNEWS, May 2011).

1.1 Floods of Data

First, we draw to the attention of Statisticians the vast topic of Life Science, spanning so many
areas (see Figure 1). This area of Science has also led to a flood of large data sets such as High
Throughput, Genomic and Proteomic. These large data sets have led to massive data analytic
problems. They raise many questions, and thousands of estimates or hypothesis tests; this is not
what classical statistical masters had in mind (Efron, 2010). Indeed, new difficulties arise and
can easily lead to flawed inferences.

1.2 A Wheel of Research

Following Kitano (2002), we indicate here how statistics dominates the research development
in experimental sciences. A general strategy/roadmap which can be labelled a "Wheel of Re-
search" is depicted in Figure 2. We quote Kitano (2002): "A cycle of research begins with the
selection of contradictory issues of biological significance and the creation of a model repre-
senting the phenomenon. Models can be created either automatically or manually. The model
represents a computable set of assumptions and hypotheses that need to be tested or supported
experimentally."
Here “biological significance" can be replaced by any other science. Equally, the model could
be abstract . "Computational "dry" experiments, such as simulation, on models reveal com-
putational adequacy of the assumptions and hypotheses embedded in each model. Inadequate
models would expose inconsistencies with established experimental facts, and thus need to be
rejected or modified."
Here the emphasis is on hypothesis testing. "Models that pass this test become subjects of a
thorough system analysis where a number of predictions may be made. A set of predictions
that can distinguish a correct model among competing modelsis selected for wet experiments.
Successful experiments are those that eliminate inadequate models."
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Figure 1: New Life Sciences is vast, encompassing many areas of Biology.

The interaction between wet and dry experiments is highlighted, somewhat in contrast to Bioin-
formatics where databases play a major role. "Models that survive this cycle are deemed to be
consistent with existing experimental evidence. While this is an idealized process of systems
biology research, the hope is that advancement of research in computational science, analytical
methods, technologies for measurements, and genomics willgradually transform biological re-
search to fit this cycle for a more systematic and hypothesis-driven science."

Surprisingly, the word "Statistics" or "Statistical Science" is left out in this paper though
there is uncertainty at each level in this "Hypothesis driven research in Biosciences". The topics
“Experimental design, Experiment data analysis, Data and hypothesis driven models, predic-
tions, simulations" all convey a need for statistical tools. A computer science approach could
give some answers (but in general could rely on heuristics).

2 The Protein Folding Problem and Shape
If the last century belongs to Physics in Science then this century must belong to Life Sciences
with many break-throughs following the DNA and protein workof the 1950’s! If DNA is like a
recording system then protein is a playback system. Indeed,proteins are the workhorses of all
living systems; they are for example responsible for digesting food and protection against infec-
tions. In medicine, proteins are the target of most therapeutic drugs. In biotechnology, proteins
catalyze reactions that are very difficult to perform by chemical means. A protein is a complex
object in the sense it takes a three–dimensional shape from the one–dimensional sequence of
amino acids. One of the central problems of Protein Science is how this folding (a shape in
3–D) takes place, and this property has relevance to proteinfunctionality, drug discovery and
evolutionary biology.
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Figure 2: Hypothesis driven research in Biosciences (adapted from Kitano, Science 2002).

Unfolded Folded

Figure 3: The folding problem of proteins; figure drawn by Thomas Hamelryck.
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2.1 Shape Analysis

Statistical shape analysis is concerned with extracting the shape information contained in a ran-
dom sample of physical objects, where shape is defined to be all the geometrical information
about an object that is invariant under a particular transformation of interest. (A closely related
area in certain aspects is Functional Data Analysis; see Ramsay and Silverman, 2005.) There-
fore, an important stage in the comparison of the shapes of two or more objects is to align them
in some optimal sense, under some geometric transformation, so that the information which
remains is the shape information of interest (see, for example, Dryden and Mardia, 1998). Here
the objects are molecules, where the bond lengths between atoms should be preserved, so only
the rigid body transformations are meaningful. Further, the basic shape here can be summarized
by a set of dihedral angles rather than the standard representation by a set of landmarks.

One useful way to understand proteins is through the study ofthe local structure of protein
called protein structure prediction. Given a sequence (fragment), say, of 9 amino acids, how
can the local structure (3–D atomic coordinates) be found? The I-sites library contains protein
fragments that have a strong sequence signature, and Rosetta gives structure prediction. A
statistical solution using generalized Hidden Markov Models with a torus distribution is given
by Boomsma et al (2008). The field is still evolving; for example, how can artificial proteins be
built (protein design)? How does it all fit in at the cellular level with various interactions? How
does it all help in functional modelling and drug discovery?Where are the clues for evolution?
See, in particular, the review articles by Congreve et al. (2005) and Blundell et al. (2006) that
highlight how vital structural biology and bioinformaticsare in drug discovery. A statistical
approach has been initiated in Mardia et al (2011). However,in all this forward-looking work,
the new statistical methods have to be fast as one is dealing with very large data sets in real
applications.

3 False Discovery Rates
We pointed out in Section 1 that various new questions arise from large scale data such as when
a query (new) protein is compared with a large data base of proteins to find a similar protein
or a set of similar proteins. The search is based on the principle that similar proteins have the
same common functionality. Thus we end with the multiple hypotheses testing scenario.

Formally, the problem is to test multiple null hypothesesH01, H02..., H0m
on the basis of

large data sets X . One procedure is to use False Discovery Rates (FDR) pioneered by Benjamini
and Hochberg (1995). (A more common procedure in Bioinformatics is the use of a so-called
e-value which is tailored for a given data base.)

Let P1, P2, ....Pm
be the corresponding p-values. For a single null case

FDR = Type1error/(Type1error + Type2error).

For a given level of significanceα and large m, the expected FDR =α/2 is a less conservative
procedure. Efron (2010) has noted some flaws in this approachand put forward a new approach
based on Empirical Bayes.

The Bayesian approach to statistics treats unknown parameters as random variables, and
prior distributions model information about parameters. In contrast, the classical approach to
statistics has no need of prior distributions as it treats unknown parameters as fixed constants.
Empirical Bayes is an approach to statistics that lies somewhere between the two. Unknown
hyper-parameters in Empirical Bayes are treated as fixed constants (as are the parameters in the
classical approach) but in general these are estimated fromdata unlike in the standard Bayesian
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approach. We refer to the new book by Efron (2010) for furtherdetails including some real and
insightful examples.

4 Climate change and Data Assimilation
We now come to a totally different problem, namely that of Climate Change. Over the past
20 years, there has been a gradual shift away from a purely deterministic approach to weather
forecasting towards a more integrated probabilistic approach; see, for examples, Lorenc and
Hammon (1988) and Bengtsson et al (2003).

Like any mathematical modelling of a complex dynamic system, the traditional determin-
istic approach to weather forecasting seeks to solve nonlinear partial differential equations by
numerical approximation, integrating forward in time simplified versions of these differential
equations. Limitations in this arise due to the deterministic chaotic nature which such geo-
physical processes exhibit. Data assimilation improves onnumerical weather forecasting ac-
curacy through the combination of deterministic modellingand observational data. In short,
data assimilation inserts spatially weighted observational data into a deterministic model
to constrain the model to more accurately represent the “true” atmospheric state. In data
assimilation, the information from new observations is then used to modify the model state, to
be as consistent as possible with the observations and the previous information. The utilization
of computer models for complex real-world processes requires addressing Uncertainty Quantifi-
cation (UQ). Thus, corresponding issues range from inaccuracies in the models to uncertainty
in the parameters or intrinsic stochastic features.

4.1 Falkland Islands Weather Data

The paper of Quinn et al (2004) (LASR Proceedings) gives suchan example for a Falkland
island related to weather prediction for landing of airplanes at an airport between two mountain
ridges. During 2000 and 2001, an array of 20 automatic weather stations was used to collect
high temporal resolution surface data in order to characterise the occurrence of weather phe-
nomena in the Falkland Islands. An example of severe turbulence occurs in the lee of two
mountain ridges, each of approximately 600m in height, on East Falkland. This phenomenon is
routinely observed from the island airport situated at Mount Pleasant and presents a severe avi-
ation hazard. Figure 4 shows the final sites chosen for the weather stations, with a large number
clustered around the airport to capture surface data in thisregion. Prior to the field experiment it
was not known what the optimum positions of sites would be in order to maximize the amount
of information captured. The positions of the stations are not topographically equivalent, with
some being placed on the top of ridges and others being situated at the bottom of valleys be-
tween ridges. Several stations are situated in extremely close proximity to the runway itself
(shown in Figure 4).

The 20 automatic weather stations recorded data as 30 secondaverages over a period of
approximately one year, meaning a potential maximum of around 1,051,200 records per station
over the duration of the experiment. However, due to the nature of the experiment, some of
these stations performed better than others, and data sets between stations range from sporadic
to near uninterrupted. The high resolution data assimilation methodology being considered en-
visages that, via statistical interpretation of the spatial and temporal data, appropriate weightings
may be attributed to observations collected at certain weather stations. In turn these weighted
observations anticipate the development of statisticallyderived “nudging constraints” to be in-
corporated into the three-dimensional weather predictionmodel based on an extended form of
the Navier-Stokes equation to improve its forecast accuracy.
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4.2 The Navier-Stokes equation

The Navier-Stokes equation of fluid motion is

ρ

(

∂v

∂t
+ v · ∇v

)

= −∇p + ∇ · T + f (1)

wherev is the flow velocity,ρ is the fluid density,p is the pressure,T is the stress tensor,f
represents body forces (per unit volume) acting on the fluid and ∇ is the del operator. This
equation has some critical boundary conditions as well as requiring grid selection in practice.
We can use a spatio-temporal statistical model for this purpose.

Figure 4: Falkland Island Airport, and the monitoring stations having the two ridges around the stations
12 and 15.

5 Concluding Remarks and Holistic Statistics

5.1 Science and Statisticians

Let us examine the current status of statisticians in fundamental scientific breakthroughs (Terry
Speed, LASR 2010):

• Initial: by people in the field (rarely statisticians) who develop methods that work, and
whose results are published in the high-profile journals, perhaps mainly by virtue of nov-
elty and relevance;

• Intermediate: by statisticians in the field, perhaps doingrather better than those running
the initial phase, perhaps presenting more lasting solutions;

34



NEW DESIGNFINAL COHERENT
   HYPOTHESIS

Consistent hypothesis

ROBOT IN
LAB EXPERIMENT

RESULTS (DATA)

DATA &

BACKGROUND KNOWLEDGE

ROBOTIC STATISTICAL DESIGN ANALYSIS

Robotic statistical analyser
(Model simulation)

Figure 5: Various tasks performed by Robot Statistician; adaptationof Robot Scientist in King et al
(2004).

• External: by statisticians from outside the field, hoping to develop new theories and meth-
ods, and perhaps making a difference here but, if not, then adding to the corpus.

Perhaps this is somewhat different from the early days of thesubject, when statisticians such
as Galton and R.A.Fisher played a leading role in interdisciplinary research. It seems that with
the floods of large-scale data, computer scientists and statisticians with computing skills have a
major part in creating impact.

5.2 Robot Statisticians

Could it be that the “Wheel of Research" will become more automated (see Figure 5)? Already
there are dedicated softwares for some areas. A Robot Statistician can operate as follows: it
has the input of data and background knowledge, followed by analysis and then suggestions for
robotic statistical design. It then leads for consistent hypothesis followed by model/simulation.
The output of Results is listed which is then iterated to New Design and finally a coherent
hypothesis. Before this happens, there is a tremendous opportunity for statisticians to make a
stronger impact in emerging subjects such as Bioinformatics/Life Sciences. But statisticians
need to be:

• moreopen;

• more ready tolearn “molecular biology";

• more computationallyaware;

• more ready to understanddata banks ...!

Currently, in some sense as a profession, statistics suffers frommore and more delusion.

“The bulk of current statistical research appears to be finding exact solutionsto wrong prob-
lems instead ofapproximate solutionsto right problems" (attrb. John Tukey).
In fact, Mardia and Gilks (2005) have identified three themesfor statistics in the 21st century:

• First, statistics should be viewed in thebroadest wayfor scientific explanation or predic-
tion of any phenomenon;
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• Second, the future of statistics lies in aholistic approach to interdisciplinary research
(see Figure 6);

• Third, a change of attitude is required by statisticians —a paradigm shift — for the
subject to go forward.

©K.V.Mardia

Figure 6: Holistic Statistics: encompassing several statistical areas.

Cure:“Go Holistic!"
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