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Abstract

We provide an overview of current and possible future directions of Applied
Statistics and explore choice of topics (e.g., Bioinformatics), paradigms and
methodology. We also provide a tentative assessment of special problems
arising in analysis of Indian data. Some priorities and need for special care
in applied work are suggested, specially in the Indian context.
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1 Introduction

It is a matter of great pleasure that Sankhyā, the Indian Journal of Statis-
tics, will again be issued in two series – Series A for theory and Series B for
applications. Hopefully, both series will welcome methodological papers,
some of general interest and some targeted to particular interdisciplinary
studies. One would expect Series A will have theoretical justification of
proposed methods, whereas in Series B the stress will be on their computa-
tional development and application to real as well as simulated data. We feel
sure both series will maintain high quality. This may require going beyond
regular submissions and inviting special papers or papers for discussion.

Our focus in this note is on Series B. In the past Series B has been guided
by two different but related goals. It is devoted to Applied Statistics in a
general way as part of its commitment to international readers but it has also
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played a historical role in nurturing Economic Statistics and Econometrics
in the Indian context as well as critical analysis or interpretation of Indian
statistical data in other areas. It is the second aspect which is captured by
drawing attention to the Indianness of Indian data in Section 4, through a
few nontechnical but important examples. Equally important are the general
issues in Applied Statistics, reviewed so well in Cox (2007) on a similar
occasion last year, and discussed in Section 2 of this article. We have also
benefitted from Rao (1997) and Lehmann’s reminiscences (Lehmann (2008))
on his own life, his intellectual development as a statistician and that of
Classical Statistics.

2 Applied Statistics

Statistics is the science of understanding data and making decisions in the
face of variability. A great variety of scientific or social questions which can
be addressed by data analysis and the corresponding variety in the structure
of data sets have always been the major source of the development of our
field. An important role of Applied Statistics has become even more apparent
in recent years, when a rapid development of computer technology as well
as measurement techniques leads to construction of large data bases which
need to be searched for patterns. The process of extracting information from
such data bases requires a close cooperation between the specialists in the
field, computer scientists and statisticians. While in the past Statistics was
often used to test scientific hypotheses, now hypotheses are often formulated
based on the analysis of such large data sets. These recent developments
emphasize the importance of Statistics for the changing world and create
new exciting possibilities and challenges for statisticians.

Luckily, the progress in computer technology aids us in constructing new
powerful tools which help to address these new challenges. In particular, new
computational power helped the development of nonparametric methods for
density and function estimation, resampling techniques and model selec-
tion methods. Markov Chain Monte Carlo methods revolutionized Bayesian
Statistics and greatly enhanced the range of its application. Moreover,
Statistics has been enriched by a wide variety of algorithmic methods, which
led to a new statistical paradigm – Statistical Learning or Machine Learning
(see, e.g., Breiman (2001a) or Hastie et al. (2001)).

While neutral with respect to the chosen paradigm of an analyst, Cox
(2007) makes useful comments on them. Most of the paper seems to assume
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classical statistical analysis based on “explicit probability models”, and some
sort of testing of goodness of fit. But there is also reference to “Bayesian for-
mulations” which “may allow the insertion of additional information which
may open the route to bolder speculation . . .”. He also refers to descriptive
or algorithmically specified methods of Breiman (2001a) and suggests that
in this case also there should be some validation, however informal, based on
the data. Typically, in such cases, validation is actually based on some form
of prediction or cross-validation, both of which are so intuitively appealing
and doable without any strong model assumptions.

The dynamic development of Statistics inevitably leads to some contro-
versies between the supporters of classical and new approaches. A good ex-
ample is Breiman (2001a) and the following discussion. Specifically, Breiman
(2001a) has argued that Statistical Learning should become the only paradigm
for Statistics, replacing model based approaches of Classical Statistics and
Bayesian Analysis. Quite aptly, in a slightly different context, Ritov (2007)
calls this a “post-modernist” criticism of the older paradigms. The other
side of the case is presented well by Cox (2001) and Efron (2001) in their
discussion of Breiman (2001a), and to some extent by Candes and Tao (2007)
in their reply to Ritov and other discussants of their paper. Ritov (2007)
and Candes and Tao (2007) present arguments on both sides very clearly in
the context of choosing relevant covariates from among many in regression
problems. Interestingly, both sides base their cases on real life applications.

The positive sign is that in spite of these controversies, the major paradigms
within Statistics, namely, Classical, Bayesian and Machine Learning, cur-
rently coexist well. Nature may not permit a unified theory and real life
examples often defy too rigid boundaries, formulations or solutions.

While the development of computer technology brings new opportunities
for statisticians, it also creates some dangers. In the previous years a new
statistical methodology had to satisfy certain standards, which were usually
verified based on theoretical calculations. However, mathematical proofs
often require simplified assumptions, which are rarely satisfied fully in the
complicated real world. Unfortunately, the complexity of real life problems
and the related complexity of new statistical methodology is sometimes used
as an excuse for neglecting a proper verification of proposed methods. It
often occurs that newly introduced statistical procedures are verified on just
a few simulated or real data sets, which does not allow one to judge their
general properties. It seems that there is an urgent need for developing new
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standards for verification of statistical methodology, as well as for a thorough
research on currently used methods of verification.

A good example is the popular and intuitive method of cross-validation,
where a part of the data is used for validation of prediction based on the
remaining part of the data. The properties of cross-validation turn out to
be somewhat more strongly dependent on the proportion of observations
selected for the test set than is commonly realized. As illustrated by theo-
retical results included, e.g., in Shao (1993), Yang (2007) or Chakrabarti and
Ghosh (2007), the decision on this proportion should depend on the class of
statistical models under consideration. In particular, according to our re-
cent simulation studies (Bogdan, Ghosh and Żak-Szatkowska, unpublished),
standard cross validation methods may lead to a substantial underestima-
tion of the prediction error when applied together with all subsets model
selection. Moreover, under sparsity (i.e., when only a small proportion of
a large number of potential explanatory variables or parameters in a model
is useful for explaining the response), the models selected by leave-one-out,
four fold or two fold cross-validation are overly complicated and their pre-
diction properties are significantly worse than the prediction properties of
models chosen by other, more restrictive, model selection criteria (for some
simulations illustrating the prediction properties of popular model selection
criteria under sparsity see, e.g., Chakrabarti and Ghosh (2007) or Bogdan et
al. (2008b)). As suggested by Yang (2007), “Further research on practical
methods for properly choosing the data splitting proportion can be valuable
for successful applications of cross validation.”

Another danger lies in the fact that the fascination with new technical
tools and statistical methods sometimes overshadows the purpose of the
statistical analysis. Citing Cox (2007), “The literature of our field is ...
inevitably dominated by detailed issues of methodology”, while the success of
statistical modeling “often hinges more on scientific sense than on technical
mastery of complex methods”. We would only add that not all applications
are scientific, some would be related to government policy or evaluation of
consequences of a policy; these would typically involve analysis of what is
called Official Statistics. In such cases an understanding of the full context
and common sense would replace “scientific sense”.

Cox also points to the importance of “an intimate union between subject-
matter and statistical aspects of an investigation”, which is essential for
defining objectives and choice of design and generally enriches analysis, con-
clusion and interpretation.
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The importance of defining the objectives can be illustrated using ex-
amples from Testing or Model Selection. Many questions in these fields
are ill-posed in the sense that not all relevant components of the problem
are well-specified. Typically, the loss from wrong inference or prediction
isn’t specified well even though answers in a testing problem would depend
radically on whether one takes a 0-1 loss, or a loss appropriate for predic-
tion of future observations. Even in the case of a 0-1 loss, the presence or
absence of an indifference zone (where one is willing to treat the different
hypotheses or models as equally acceptable) or different designation of im-
portant alternatives to the model or hypothesis being tested can make a lot
of difference. The Lindley paradox, which seems to indicate a fundamental
conflict between Bayesian and classical testing of a sharp null hypothesis, is
at least partly due to different choices of important alternatives, Ghosh et
al. (2005). These issues also play a crucial role in sensitivity (Rubin (1971)).
In regression problems, even the “future” to be predicted is ill-posed with
many possible valid choices, see, for example, Barbieri and Berger (2004).
In model selection, BIC is a good rule for low dimensional nested models
with a 0-1 loss – i.e., one assumes the true model is in the model space and
the loss is zero if and only if the true model is selected. On the other hand,
AIC is a good model selection rule for high dimensional prediction problems
in function estimation when the true model is the most complex model or
not in the model space. Their penalty for complexity in a model arises in
different ways and have rather different goals. In the case of all subsets
model selection, both should be penalized further. For more details on some
of these thorny issues see, e.g., Chakrabarti and Ghosh (2006, 2007). The
choice of the loss function is also essential for the appropriate choice of the
regularization parameter for LASSO (see, e.g., Meinshausen and Bühlman
(2006)). In all such ill-posed problems the analyst needs to state clearly not
only his or her choice but also the reasons.

3 Some Emerging Areas in Applied Statistics

Molecular Biology and Genetics are among the fields which in recent
years had the largest impact on the development of Statistics. The rapid
progress in the technology and the growing mass of data which need to
be analyzed helped to establish Bioinformatics as a separate discipline and
statisticians play an important role in constructing the set of tools for this
field of research. Probably the best known example is the analysis of mi-
croarrays, which allows us to simultaneously investigate the expression of
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thousands of genes. Microarrays triggered an explosion of new statistical
concepts and methods related to high dimensional multiple testing, clus-
tering, classification and dimension reduction (see, e.g., Wit and McClure
(2004), Efron et al. (2001), Efron (2003) and Storey (2007)).

QTL mapping, whose aim is locating genes responsible for quantitative
traits, is a less well-known area of Statistical Genetics. However, research
in this field has helped to identify problems with standard model selection
methods when applied to sparse multidimensional regression (Broman and
Speed (2002), Bogdan et al. (2004, 2008a,b)). The problem of high dimen-
sionality becomes even more apparent when locating expression-level QTL,
i.e. genetic loci influencing the expression of other genes (West et al. (2007)).
Researchers working in this area combine the genotype information with the
information obtained from microarray studies. Similar problems of high di-
mensional model selection and multiple testing need to be addressed when
designing appropriate tools for the quickly developing field of association
mapping. Here the important genes are identified based on the general pop-
ulations and the map of many thousands or even millions of genetic markers.
Another interesting area related to association or QTL mapping is searching
for high order gene interactions. The research in this field gave birth to a new
promising statistical methodology called “logic regression” (see Ruczinski et
al. (2003) or Schwender and Ickstadt (2008)).

One of the most important and quickly developing fields of Bioinformatics
is Proteomics, the discipline dealing with the large-scale study of proteins.
Proteomics is used, e.g., to identify biomarkers for disease diagnostics and
to identify new drugs. High dimensional multiple testing, model selection
and classification problems related to the analysis of protein mixtures by the
mass-spectrometry are even more challenging than the related problems for
microarrays (see, e.g., Nesvizhskii et al. (2007)). The need of cooperation
between biologists and statisticians already at the level of the study design
is well recognized within this field (see, e.g., Riter et al. (2005)).

Important problems in analyzing all types of Bioinformatics data include
classification of individuals or plants into different groups, e.g. corresponding
to a disease status, and a selection of variables, often called biomarkers, that
help in classification. Such classification, as well as classification of genes
according to their possible effects on different types of tumors have already
led to major improvements in treatments. As mentioned above, the statis-
tical analysis of data in Bioinformatics poses challenging technical problems
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due to a large dimension and a relatively small sample size. Modern meth-
ods from Statistical Learning, like bagging, boosting or random forests, have
been particularly useful for improving accuracy of classification because they
are not model based. Rather they rely on generating additional pseudo data
based on some form of perturbations of the learning data set and aggregating
the corresponding predictors based on some form of voting (see e.g. Schapire
(1990), Freund (1995), Breiman (1996, 1998, 2001b)). Some successful ap-
plications of bagging, boosting and random forests in Bioinformatics and
Biometrics are presented e.g. in Long and Vega (2003), Huang et al. (2004),
Seligson et. al (2005), Park et al. (2007), Politis (2008) or Schwender and
Ickstadt (2008).

Another challenging task of Bioinformatics is discovering gene regulatory
networks, i.e., a collection of genes which together regulate some function.
Identification of key elements of such networks is important for understand-
ing biological processes and may lead to the development of new drugs.
Regulatory networks can be represented by graphs and are a natural field
of application of graphical models. In recent years graphical models of con-
ditional probability have made Bayesian Networks and Expert Systems a
popular diagnostic and decision making tool, see, e.g., Cowell et al. (1999).
Graphical models of dependency have also been applied successfully to clas-
sical multivariate analysis, Cox and Wermuth (1996) and Andersson and
Perlman (1998). These methods of graphical modeling make use of graph
theory to decompose a complex graph representing a joint distribution into
a more easily computable product of suitable conditional and marginal dis-
tributions. Pioneering contributions in this area were made by Pearl, whose
contributions have also led to inference about causes, Pearl (1988). Attempts
to discover regulatory networks based on microarray data led to the develop-
ment of new methods of modeling sparse covariance structures and construc-
tion of sparse Gaussian graphical models (see e.g Dobra et al. (2003)). For
more theoretical work on sparse graphical models within the framework of
classical model selection see Meinshausen and Bühlmann (2006). Sophisti-
cated methods of data analysis are also required to combine the information
from microarray studies, DNA sequence data and chromatin immunoprecip-
itation (ChIP-chip) experiments (see, e.g., Conlon et al. (2003) or Keles
(2007)).

As the big pharmaceutical industries enter the Indian market and start
research through microarrays or conduct clinical trials, there will be new pos-
sibilities of a grand unification of Bioinformatics, clinical trials and classical
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survival analysis for life threatening diseases like cancer. However, as dis-
cussed in Sen (2008), there still remain serious statistical issues, which need
to be resolved before the potential of Bioinformatics can be fully exploited
in medicine and clinical sciences.

Unfortunately, there may also be some abuse of Statistics and unethical
treatment of the vulnerable human beings who will readily be associated
with clinical trials. Hopefully this is not inevitable and can be avoided by a
vigilant scientific community.

This short review of developments in Bioinformatics is by no means com-
plete. Our main goal was to illustrate a large variety of serious statistical
problems which arise when dealing with modern biological data. Also, Bioin-
formatics is just one example of the quickly developing fields of science or
technology that are a source of new problems. Similar, and sometimes even
more challenging, statistical questions are posed by the data of modern as-
trophysics (see, e.g., Genovese et al. (2004)), or by the analysis of results
produced by some diagnostic tools in medicine, like, e.g., functional magnetic
resonance imaging (see, e.g., Vedel Jensen and Thorarinsdottir (2007)).

The quick progress of technology creates a need for the development
of tools which would allow integration of information collected from dif-
ferent data sources. This seems to be a natural field of application of
Bayesian methodology, with prior distributions incorporating existing knowl-
edge. However, the task of eliciting prior distributions is by no means easy
and requires a close cooperation and understanding between cognitive scien-
tists, the specialists in the field and statisticians (see, e.g., O’Hagan (1998)
or Oakley and O’Hagan (2007)).

Somewhat contrary to these positive developments and future possibil-
ities, a recent panel discussion in Technometrics (Steinberg et al. (2008))
sounds a cautionary note about diminishing importance of applications of
Statistics in many manufacturing industries. This is an area where sam-
ples are still small or moderate, risks are high and major statistical break-
throughs, after Taguchi designs, have been rare. Taguchi’s innovative appli-
cation of Mahalanobis D

2 (Taguchi and Rajesh (2000)) or data mining of the
large data bases of these industries remain unutilized. Six sigma has been im-
portant but it is not a statistical methodological innovation. The SQC&OR
unit of ISI had shown in the late eighties that a form of exploratory analysis
of such a large data base is very promising. But it was not developed into
an easily applicable algorithm. Computer experiments, see, e.g., Bayarri et
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al. (2007), also seem a promising open area. We would also draw attention
to Dasgupta and Mandal (2008).

4 Indianness of Indian Data and Problems

The statistical problems of India can often be rather different from ap-
parently similar problems in countries like the U.S. or U.K. They can be
different for historical reasons, or entirely different social norms, or just be-
cause of different stages of development. We call this rich variety of reasons
the “Indianness” of the problems. We would illustrate these ideas with sev-
eral important problems, most of which are contemporary but a few are from
the history of the Indian Statistical Institute (ISI). We begin with the latter.

The Indian revenue system is very old. It dates back to the time of
Chandragupta Maurya and Chanakya (about 300 B.C.). It reached a new
stable form by the time of the Moghul Emperor Akbar, which was inherited
by the British empire in India. These facts lay at the roots of an important
methodological dispute between Professor P.C. Mahalanobis and Professor
P.V. Sukhatme, one representing the ISI and the other the Indian Agricul-
tural Statistics Research Institute (IASRI).

Mahalanobis had a general philosophy that in a developing country, one
of the best ways of collecting data was through sample surveys, carried out
by well-trained field investigators. His confidence was based on the crop
surveys in the nineteen thirties in undivided Bengal, at least one of which
is often cited. This is the jute survey, where the survey estimate and the
complete census estimates were later compared with a more reliable estimate
based on trade statistics. The survey estimate was better.

In the early fifties this view led to a dispute with Sukhatme who thought
crop estimates based on estimates by patwaris (village accountants) could
be just as good (Ghosh et al. (1999)).

Adhikari (1990) points out in a paper on Sociology of Science that at
least part of the different approaches is due to the very different revenue
collection systems in most of India, including Maharastra and that in areas
like undivided Bengal where the British introduced a new administrative
arrangement for revenue collection which abolished the role of patwaris. It
seems both Mahalanobis and Sukhatme were unaware of these historical
differences.
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A much sadder example follows. At a convocation in March 2006, the
Governor of West Bengal began his speech by quoting from newspapers a
couple of days ago. The headlines of the newspapers were about a trivial
fashion show and parade of models in Mumbai. None but one carried the
news that suicide of farmers in India continued on its rising spiral and had
crossed a benchmark. The fascination with trivia seems to be a cultural
price for India’s unprecedented economic growth, but what can explain the
indifference of a democracy to the death of peasants? We haven’t seen any
serious study either in the media or elsewhere in the Government reports be-
fore 2008. The recent waiver of loan to farmers by the Government is a good
step but not a substitute for a sustainable strategy. Perhaps the farmers
need to be made aware of new risks and uncertainties and financial instru-
ments to reduce uncertainty, elimination of middlemen and some support in
a really bad year. All governments in all countries do that. An economist
in Chennai has made three important points – that the deaths are taking
place outside the Gangetic belt, that the crops involved are not the cereals,
which still have a government support system and thirdly, the subsidies to
the farmers have apparently declined during the current economic growth.
Recently, there have been suicides even in the Gangetic belt caused by a
surplus of crop and resulting price crash.

Very recently, the India Development Report 2008, published by the In-
dira Gandhi Institute of Development Research, provides a realistic picture
of both India’s rapid economic growth and the condition of extreme stress of
about half the people of India, especially its agricultural communities, which
is possibly partly induced by the economic reform. Reddy and Mishra (2008)
note heavy dependence of farmers on informal sources of finance and a steep
decline of the share of credit to agriculture from institutional sources. Inter-
est rates charged by informal sources are quite high compared to institutional
credit and are not affordable due to low productivity levels. Growing pro-
duction and marketing risks, an institutional vacuum and a steep increase
in the cost of farming have led to severe stress on Indian farmers. This is
evident from the large number of farmer suicides in the country. A recent
report of the UN Economic and Social Commission for Asia and the Pacific
has pointed to 86,922 suicide deaths of Indian farmers during 2001-05 (The
Statesman, Kolkata, 30 March, 2008, p.7).

Unfortunately, there are basic uncertainties even about the deaths. Reddy
and Mishra (2008) look into the available sources of data and their limita-
tions. The main official source of data on suicide deaths is the police record
provided by the National Crime Records Bureau (NCRB), Ministry of Home
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Affairs, which is limited to routine reporting of suicides and may not fully
reflect the stress on farmers. It is also likely to be under-reported for several
reasons, see Reddy and Mishra (2008, p.47). Profession-wise NCRB data are
available only from 1995. Most of the suicides are among male farmers and
the available data show that suicide mortality rate (SMR) for male farm-
ers has been rising steeply since 1995, while SMR for male non-farmers has
been more or less stable. The second source of data is press reports based
on farmer suicides which may have the bias of linking all suicide deaths by
farmers to farming related causes. The third source is the official data made
available by the state government. It suffers from underestimation as it is
directly linked to compensation paid by the government. Many state gov-
ernments are still in a state of denial. They deny that the deaths are caused
by crop failure or crashing prices. As noted by Reddy and Mishra (2008),
the number of farmer suicides reported by the state governments are much
lower than even the official NCRB data.

These studies notwithstanding, a rigorous statistical analysis of the prob-
lem of farmer suicides still remains to be done.

Estimation of poverty in India has attracted many experts from India and
abroad. We are familiar with Tendulkar’s work on reduction in poverty in
the early days of liberalization as well as the work of Angus Deaton and Jean
Dreze during the later stages of liberalization (Tendulkar (1996) and Deaton
and Dreze (2002)). Both were of the opinion that poverty has diminished,
confirming our general impression.

But there is a puzzling aspect of these measuements by different groups
of economists. Nearly all of them search for a suitable price index for the
rural and urban poor to deflate the current prices of cereals. Nearly all of
them come up with their own favourite version of the price index. Given
such a lack of standardization in an important component of the estimate,
how can we really depend on these estimates? Again, we see no discussion
in this lack of standardization or simple remedies. For example, the NSS
can collect appropriate price statistics and construct a price index series.

Provision of productive employment, employment security and favourable
working conditions for all in the labour force are essential for reduction of
poverty. We do not see studies of poverty borrowing strength from related
data on employment. As economists often point out, agriculture is still the
dominant occupation in India with a high share in the total workforce but
with a declining share in the gross domestic product (GDP). The share of
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workforce in agriculture is about 56% to 57% but the contribution of agricul-
ture to GDP is only about 20% (Radhakrishna and Chandrasekhar (2008)).
This is one of the main obstacles to reduction of poverty. After agriculture
the biggest source of employment is the so called informal sector, where peo-
ple are mostly self-employed and operate an auto-rickshaw or run a small
shop. Removal of poverty would seem to need some careful study of these
sectors along with incidence of poverty. Shouldn’t the study of poverty be
more meaningful if combined with a study of employment of the poor and
their income? Also needed is a study of the middle class prosperity and the
fast growing service sector. We know so little about this new catalyst in
India’s economic growth.

We end with a remark of Rajeeva Karandikar, a distinguished proba-
bilist and well-known election forecaster, made in connection with election
forecasts in India, that methodologies developed in the West are just not
applicable in India, that one must recognize these differences and be ready
to develop new tools that do justice to Indian reality. In the case of election
forecasts, one must cope with great swings in many more constituencies than
in the West and also swings in between the forecast and election.

Applied Statistics as practiced in India still suffers from unrecognized
bias in data collection as well as lack of estimates of uncertainty arising
from precise probability models or sampling. Uncertainty is rarely mea-
sured. Assumptions for common models developed elsewhere are not always
examined carefully. Hypotheses are rarely tested formally. Possibility of a
question being ill-posed is not carefully examined. Usually the discussions
are by subject matter experts rather than professional statisticians or econo-
metricians. They are examples of analytical discussion using empirical data,
but rarely venturing into formal statistical inference. Hopefully, editors of
Series B will choose judiciously from them and, if necessary, help quantify
uncertainties in the conclusion. This would help nurture a school of good,
modern applied statistical work relevant for Indian problems.

India is a great democracy, and a most improbable success in the eyes of
the West – a country that is almost a subcontinent, as diverse as Europe,
whose unities are more to be found in its historical tradition of pluralism
and tolerance than a common religion or language.

A sign of the self-confidence of the young but strong Indian democracy is
the recently passed Right to Information Act. One of us has argued elsewhere
(Ghosh (2000)) that Statistics goes well with democracy while dictators fear
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Statistics as much as they fear freedom. But our responsibilities as statisti-
cians analyzing Indian data require that we recognize India’s great diversity,
its complex societies, and non-western norms and values which make the
statistical tasks specially challenging.

Statistical articles on incomplete or biased data obtained in difficult cir-
cumstances need not mean lowering standards of the journal. We are re-
minded of, e.g., the Presidential address in JASA, March 2007 (Scheuren
(2007)).

5 Concluding Remarks

The progress in science and technology will inevitably continue and so
will the need for the development of new, reliable methods of data analysis.
The recognition of an ever increasing role of Applied Statistics is reflected
by an increasing number of journals publishing research in this area. We
believe that the long tradition and the quality of Sankhyā will allow Series
B to successfully join this effort and become an important area of presen-
tation of applied statistical methodology. Hopefully Series B will encourage
some interaction between statisticians and computer scientists in problems
of common interest, like classification, pattern recognition and feature or
variable selection.
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