
Interface Among Statistics, Cybernetics
and Genetics

Prem Narain"

I consider it a great honour and privilege to be chosen by thie
Indian Society of Agricultural Statistics this year to deliver the
prestigious Dr. Rajendra Prasad Memorial Lecture — a lecture in
the memory of the Founder President of the Society. I express my
deep sense ofgratitude to the iSociety for enabling me to share some
of my thoughts with you on this solemn occasion.

The name of Dr. Rajendra Prasad Is enshrined in tlie history of
India as the one who played a pivotal role in the freedom struggle
of our motherland, as one of the founding fathers of our Republic
and as its first President. During my student days in Lucknow I read
about him that he had a brilliant academic career and adopted a
very simple life-style but with high thinking. In 19551came to Delhi
and took up a statistical job in Government of India. I barely missed
an opportunity of seeing him in person along with a group of my
relations who had come from Bihar to meet him. Later on, I learned
particularly from Dr. P.V. Sukhatme how, as the then Minister of
Food and Agriculture, Government of India, he took keen Interest
In the problems of statistics in relation to agriculture and was
instrumental in foimdlng and nurturing this Society.

Rajendra Babu's concern about statistics and its profession in
relation to agriculture can be best understood by reading his views
In the Presidential Addresses which he used to deliver during the
Annual Meetings of the Society and which are published in the
issues of the Journal of the Society from time to time. For Instance,
in his Address delivei'ed during the First Annual Meeting of the

Dr. Rajendra Prasad memorial lecture delivered on 20 February, 1993 during
the 46th Annual Conference of the Society at OUAT, Bhubaneswar.

Principal Scientist, lARI, Pusa, New Delhi and
Former Director. lASRI, New Delhi - 110 012
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Society held at New Delhi on the 11th December, 1947, he stressed
the need of statistical knowledge and proper methods to acquire
them for the purpose of agricultural planning. In this regard, he was
not content with any method but with a method which is objective
and based on personal knowledge. For instance, in regard to the
method of aerial photography for determining crop production he
had this to say :

"Another method mentioned by your Vice President, Mr.
M.S. Randhawa, is the method of air photography. That
may also be tried, but I do not know whether it will be
feasible. I have no idea of its cost and of the techniques
required for air photography ofcrops. While this method
may give us information of the area under crops,
assuming that different crops can be identified from the
photographs, we shall still need information on yield,
which, I do not think, this method can supply. As an
example, last year we had a severe epidemic of rust on
wheat in the country. Photographs of the field if taken
would have given the impression that the crop was a
bumper crop. What happened was that the crop looked
to be quite prosperous. If you saw the ears you would
imagine that a very rich crop was standing in the field.
But when the ears were actually examined, not a single
grain was found inside: it was all chaff. I am mentioning
this case as an example of the dangers to be avoided in
developing such methods".

Inspite of notable advainces in statistical science and technology
during the intervening period of four and a half decades, however,
what Dr. Rajendra Prasad said about the objectivity of the statistical
method then is still true and of vital importance to all of us. There
is no substitute to the objective method of observation. The reason
why I am stressing this point is that during the period of 30 years
which I spent at the Indian Agricultural Statistics Research Institute
(lASRI)at New Delhi, of which 10 years as its Director, I participated
in numerous discussions both in India and abroad on this issue of
objectivity in the conduct of Sample Surveys and witnessed a

,graducd decline in the attitude towards it in statistical projects and
programmes. I feel therefore that there is a need to create a scientific
temper in our thinking process on statistical issues and problems.

The topic of my lecture on the interface among Statistics,
Cybernetics and Genetics is primarily aimed at illustrating the basic
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universality of the Interconnection among all things as against the
alienated world view that objects are isolated until proven otherwise.

We live in a world where everything is related to everything else
in an interacting manner. Only tiie interactions are often so feeble
that we tend to neglect them and view things as isolated. In
particular, it is the ignoring of the interconnections across scientific
disciplinary boundaries in a complex field like agriculture that we
are not often able to transfer laboratory findings to the farmers' field
conditions. The usual reductionist-mechanistic approach in
agricultural research which we have borrowed from basic sciences—
the approach of imderstanding a complex system by reducing it into
isolated parts— has led us to recommend to the farmers agronomic
practices which they are not sure to take advantage ofin their fields.
A dialectical perspective of agricultural research, seems to be
essential for sustainable agricultural development particularly in a
country like ours where small and marginal farmers are averse to
taking risk due to poor resources available to them (Narain, 1992
a, b). In this lecture, however, I will limit myself to demonstrate how
the practical issues in such diverse and seemingly independent
disciplines like statistics, cybernetics and genetics are
Interconnected and can benefit Immensely if we trace out the
indirect or sometimes speculative connections among them and
justify their interactions.

STATISTICS

The subject of statistics as we know deals with random
phenomenon and uncertainty. Its foundations are based on
mathematics and probability and has developed into a body of
knowledge which is known as theoretical statistics. As a science,
however, it deals with measuring and minimising uncertainty
surrounding the data generated in a given discipline like biology,
agriculture, engineering etc. It involves collection, analysis and
interpretation of data. In modem times we use the term data
analysis for this purpose. It helps in understanding the complexity
of the problem, in predicting the future and in planning of the
Investigation. The driving force behind the scientific aspects of
statistics is in fact the need to solve practical problems by drawing
valid inferences from data. This is amply demonstrated in this
country by the development of research and training in the
specialisation agricultural statistics due to the efforts of this Society
and the LASRI, New Delhi, under the leadership of eminent
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statisticians like P.V. Sukhatme, V.G. Panse, G.R. Seth, D. Singh
and several others.

CYBERNETICS

The foundation of cybernetics was laid in 1948 by the American
mathematician Norbert Wier^er with the publication of his work
Cybernetics. He coined this term from the Greek word Kybemetes
which mean&steers-man. Originally Wiener defined it as the science
of control and communication in animals and machines. But
subsequently it found applications in several other fields involving
optimal control over complicated processes and operations which
take place either in the living organism or in the human society or
in the industry. It therefore cuts across several disciplines like
biology, physiology, genetics, psychology, neurology, systems
analysis, sociology, economics, engineering etc. In a way it is the
science of sciences. In general, cybernetics is concerned with
developing a comprehensive view of complexities, uncertainities,
and controlled mechanism for a related dynamic system by
formulating and handling feed-back and feed-forward mechanisms.

GENETICS

The fascinating biological science ofgenetics tells us the manner
In which the characteristics are Inherited from one generation to
another. The genotype of an Individual, the sum total of hereditary'
material received by him/her from his/her parents, interacts with
the environment to produce its phenotype, the outward appearance
of the Individual, being the sum total of its expressed peculiarities
of form, size, colour, behaviour etc. Probably t±ie greatest of all the
scientific accomplishments of the twentieth century has been the
discovery of this science. No other scientific inquiry has made so
startiing an impact on all aspects of life, including man, as the
science of genetics. With the rediscoveiy of Mendel's principles of
inheritance in 1900 to the recent splicing of genes, this science has
witnessed a series of breath-taking discoveries. With the recent
advent of recombinant DNA technology, the destiny of mankind now
seems to have come within the grasp of man himself.
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STATISTICS AND CYBERNETICS

The statistical science is primarily inductive — we go from the
particular to the general, the process of inference. This introduces
a certain amount of arbitrariness which the statistical procedure
attempts to minimise. Mathematics helps us m developing a
deductive logic for this purpose. The development of this science
since 1920s and 1930s has led to two broad approaches, on the
fundamental rules of statistical Inference — the Bayesian
suhjectivist and the sampling theory Jrequentist It is unfortunate
that the protagonists of the two approaches have been, for ages,
fiercely critical of each others' viewpoint. There have been several
attempts by eminent statisticians to reconcile the two lines of
thought and give a unified theory but in vain. In the context of
applied statistical problem-solving, as in agricultiaral statistics
discipline, such controversies simply do not matter. What matters
to us, the agricultural statisticians, are issues like what data should
be collected and subjected to analysis, what variables to be included,
how finely the observations should .be stratified, what could be
concluded from the data and how far the conclusions could be

trusted etc. In fact, more often we are concerned with a data-analytic
focus rather than with the optlmallty of the rules of statistical
inference. I do not therefore propose to go iato the latter but
concentrate on the former and wish to state that by adopting
cybernetic concepts in data analysis, a good deal of subjectivity can
be dispensed witli.

In the initial stages of my career, soon after I took my M.Sc. in
Mathematical Statistics from Lucknow University, I was employed
in the Indian Council of Agricultural Research (ICAR) scheme on
'Cost of cultivation of Sugarcane in U.P.' I was quite enthusiastic,
along with my colleagues in the scheme, to apply my university
knowledge to the problem at hand as per technic^ advice ofLate
Dr. V.G. Panse and Dr. K. Klshen. There was no occasion to question
any of the statistical methods used. In the lateryears, Ijoined Indian
Veterinary Research Institute (IVRI) as Assistant Research OfiBlcer
(Quantitative Inheritance), again in an ICARscheme dealing with a
problem on genetics. I then came in contact with animal
experimentation and had to interact with numerous scientists in
the interpretation of data. I felt often concerned with the replicabUlty
of the experiments. When a null hypothesis is rejected at 5 per cent
level of sigr^cance on the basis of one experiment, does the saine
thing Happen when we repeat the experiment? On the other hand,
the experimenter wishes to arrive at the same result and therefore
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he repeats it several times, as for instance did Mendel in
experimentation with garden peas. The probabilities that we work
with are not naturcd probabUities fixed by the experiment under
study. By changing the sampling design or the statistical model set
up we can change the probability structure for the same problem.
This iswhatleads tosubjectivity inscientific inference andmay take
one away from the txuih which he is seeking for.. How do we
circumvent it?For this purpose, letus look at the charactenstics of
cybernetics.

T.ikp applied statistics, cybernetics is also concerned with
practical problem^solving in agiven system. However, the classic^
method of statistical data analysis, allows one to study only
individual elements ofa system at a given time witii no scope to
extend the metiiodology to an interacting system witii several
elements with feed-back and feed-forward relationships. In other
words, there isa lack of systems approachin tiie classical statistical
method. This is clearly a disadvantage. In fact when a shift irom
reductionist to systematic or dialectical thinking in a systems
approach takes place, itrequires us to change our way oflooking at
the concept of.relationship between elements. When we adopt the
machine world view, tiie relationship is understood in terms of
interactions between two and only two elements. Aconylex system
has therefore necessarily tobebroken down andlooked at iiiterms
of pairs In the systems approach, on the other hand, multifarious
interactions between alltheelements have toberecognised as such
The system is studied in a hoUstic manner. The most important
characteristic ofsuch a system is the property ofsynergy. Because
of the synergistic property, the whole is more than the sum oi its
p£irts.

The functiori of cybernetics, as already stated, is to develop a
comprehensive view of the complexities, uncertainities and control
mechanism in the related dynamic system which is no^the case
with statisticswhere mostiywe areconcernedwith a staticsituation.
By interfacing therefore with cybernetic concepts and adopting a
systems approach, the statisticalproblem-solvingcanbe made more
realistic andsuited to theneeds ofan experimental scientist. At the
same time, in the estimation of complex relation structures \^th
uncertainities, statistical methods canbefruitiully made use of.

Relevant to theproblem concerned, thecybernetic approach is
first to build an information system regarding elements,
sub-systems, their links, feed-back and feed-forward relationships
and possible goals regarding forecasting, self-organisation and



54 JOURNAL OFTHE INDIAN SOCIETY OFAGRICULTURAL STATISTICS

prescription. However, processing of information through a
designed data base, identification of relationship, inference over
specific periods of time etc. have to be done using statistical tools.
The essential feature of cybernetic modelling is that it admits
multi-models and multi-solutions. This feature resembles the
approach of Exploratory Data Analysis (EDA) Inb-oduced by Tukey
(1977) forpractical problem-solving in statistics. This is so because
it advocates, for a given setofdata, theexploration ofseveral models,
their solutions and inferences without any assumptions regarding
the distribution ofcharacters in the hypothetical population from
which a sample ofa given size has been drawn. The subsequent
confirmatory dataanalysis gives a clue as towhether theexploration
has been done correctly. If not, it gives a feed-back to correct the
model assumption and then proceed again. There is a continual
forward-and-backward interaction between cybernetic modelling
and statistical processing of data. It is this interface or interaction
which enables one to understand a complex system (Ghosal 1978
1986).

Cybernetic Regression Analysis

In regression analysis, cybernetic concepts of feed-back
mechanism canbeintroduced byrelating theinput (xt) and output
(yt) at time t in successive steps. First yt is regressed on Xt through
a function f{xt). The yt will give an impulse to the Input, giving
another X(t+i) from the regression of the tj^eX(t+i) =g(yt) + which
will give the expected y(t+i) as fTx(t+i)l and so on. Thus (xt^ yO interact
in a closed loop. A more realistic modelling would be to introduce
non-linear transfer function models as in Box andJenkins (1970).

Non-parametric Statistical Data Modelling

Parzen (1979) has recently developed a unified theory of
statistical science in which EDA, parametric statistical inference,
robust statistical Inference, non-parametric statistical inference,
goodness-of-fit procedures etc. are used simultaneously. He
introduced new types of keys for EDA based on estimating the
quantdeJunction Q(u) and denstty-quantile Junction (f [Q(u)]) of a
random variable Xofwhich the dataXi Xn are independent or
dependent observations.

In order to reveal statistical regularities or patterns in the data
at hand, it is customaiy to model the distribution function
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F(x)=Pr[X< x] and the probability density function f(x)=F'(x). The
quantile function, Q(u), is defined as the inverse of F(x) i.e.

Q(u) = inf. [x : F(x) > u]

In the given sample, the empirical quantile function (EQF) is a
piecewise constant function whose values are the order statistics.

X(l) < X(2) < . . . < X{n)

The density-quantile function, fl9(u)l, is defined as the
reciprocal of quantile-density function q(u)=Q'(u).

To estimate Q, Ho is specified as

Q(u) = aQo(u) with Qo(u) as known.

Byestimating Q and q fromthe sample and examininghowwell
various theoretical Q-fiinctions match or fit the sample values, one
can explore the patterns in the data. The density-quantile function
flQ(u)] is then estimated on a raw basis either from the plotting of
hlstogram-quantile function or firom the plotting of a
density-quantile function depending respectively on whether the
data are reported as a histogram (density) or as a sample quantile
fnnntinn The function fQ is smoothened by density estimation
procedures. One then fits and estimates Q by a parametric
smoothening approach as

^(u)= (i+ aQo(u)

The parameters |j, and a are estimated by the regression analysis
ofthe sample quantile fimction ^(u), 0 <u < 1.

Essentially the aboveprocedure is a defisttyestimaftonapproach
to goodness-of-fit tests which also yields estimates of Q. The
statistical estimation and testing problems can therefore be viewed
as problems of density estimation and testing ofwhite noise (i.e. the
density is constant). Such an approach provides a fiinn probability
basis for the EDA. It can be seen that the approach of Parzen which
is both firstiy non-parametric and secondly parametric with a
feed-back between the two with the following steps is essentially
cybernetic in character:

i. Explore:

li. Try models and transformations we know ;
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iii. Explore again ;

iv. Build a model from the data ;

V. Explore once again.

I was motivated to study the methodology of non-parametric
statistical data modelling during the course of an Investigation
(Naraln et al, 1985; Garg et cd, 1991) on the statistical aspects of
Comprehensive Crop Insurance Scheme of the Government of India,
which is in operation since 1985 and is based on homogeneous area
approach notified for each crop in each state by the Union Ministry
of Agriculture through General Insura;nce Corporation of India. .The
average yield per hectare of the insured crop in the notified area is
determined on the basis of an adequate number of crop-cutting
experiments. The indemnity is calculated on the basis of the
shortfall in the actual yield from the threshold yield per hectare of
the insured crop which is usually fixed at 80 per cent of the average
normal yield of the crop over the last 5 to 10 years based on the
crop-cutting data for the defined area. The estimation of acturlal
premium rate, as the expected value of indemnity, depends on the
distribution of crop yield over the years. When this is assumed to
be normal, premia are found to be proportional to both, the
coefficient of variation of the crop yield as weU as the level of
coverage. However, in actual practice, the data do not confirm to
normal distribution. We can then Invoke non-parametric density
estimation procedures as discussed above to determine premium
rates. In particular, Mlttal (1989) showed that Kernel method of
density estimation provides better estimates of the rates as
compared to those on the basis of normal or log-nonnal distribution.

Prequential Forecasting System

In statistical science we always regard the past as a guide for
the future. The pattern of law which we derive from historical data,
usually oflarge size, is taken as valid for the future. Such an attitude
can only serve our purpose If the world is static. But In a djmamlc
world it is not necessarily so—things change through time with
unpredicable directions of change. There may be changes in the
estimates of parameters even if the model is the same or else there
may be an entirely changed model. In addition, future may be guided
by the nature ofhuman intervention in the form of a policy or major
shift in the process. It is therefore necessary to introduce a
sequential approach in the task of forecasting the future. Today we
can make the forecast oftomorrow. Come tomorrow, we can-observe



INTERFACE AMONG STATISTICS, CYBERNETICS AND GENETICS 57

the outcomes ofthe events which were the subject oftoday's forecast
and with this additional experience to draw on, formulate our new
forecast for the following day. And so on, day after day, drawing on
the accumvilating experience. Dawid (1984) has called such an
approach as prequential forecasting system which, in essence,
combines probability forecasting with sequentialprediction.

Given any statistical model depending on the unknown
parameter 0, we can form, at time n, its estimate 0n, based on the
data x'"' = (Xi, X2 ... Xn) and use it as a true value (known as plug-in
estimate) in the predictive distribution of the next observation Xn+i.
This amounts to changing the estimate of the parameter at each
stage of forecasting, taking Into account the accumulated
experience. For Instance, letXi = 1with probability 0andXi=0 with
probability (1-e), Independently. After observing r I's onn trials, the
maximum likelihood plug-in forecast probability for Xn+i=l.ls r/n.
The forcast probability for 3-steps ahead such as (Xn+i=l. Xn+2=0,
Xn+3=1) would be (r/n) [ h=f/nn: ] [ ffT/n+2 ] instead ofthe usual
result based on static world concept as (r/n) [ n-r/n] (r/n).

The prequential forecasting, however, can be done In several
ways. In the place ofplug-m approachdescribed above, we can have
a Bayesian or a Fiducial predictive distribution. We then have the
problem of comparing these different ways and choosing the best
amongst them..

Apartfrom forecasting for the future, there is a need for taking
into account any intervention which might occur due to policy
change or other forces. Bhattachaiya (1982) developed a bivariate
feed-back intervention model. The Scimple period (0, T) is split into
two parts: pre-mtervention (O.Ti) and (Ti, T) where intervention
occurred at time Ti. In the former case, there are two time series, Y
and Xwhereas in the post-intervention period (Ti. T) there are three
time series, Y, X and Z where (Yt, Xt) is a bivariate time series on
which observations are available at equidistant points and Z Is an
Intervention variable affecting variable Yt only. The following
methodology can then be adopted:

1. Develop a pre-lntervention bivariate feed-back model
connecting y and x:

ii. Specify an Intervention model from a prioriknowledge of the
case under study:

ill. Fit the models to the series, pre-and post-intervention:

iv. Interpret results.



58 JOURNAL OFTHEINDIAN SOCIETY OFAGRICULTURAL STATISTICS

Computer-Intensive Methods

For a successful interface between statistics and cybernetics, it
is obvious from the above discussion that there should be
tremendous computational power in one's hand. This is happily
provided by the advent of computer technology- both in hardware
as well as software. In fact, the revolution in the field of electronic
computation has led to the development ofnew statistical theory
and methods in the 1980s, particularly the upsurge of
computer-intensive statistical methodology such as bootstrap
methods, non-parametric regression, generalized additive models
etc. The most significant point about these methods is that fewer
distributional assumptions are required for their application than
the corresponding classical statistical methods. Thereplicability of
the results of the experimental scientists can therefore be better
ensured. For instance, in most ofthe cases of the classical methods,
normal distribution is invariably assumed whereas in practice it
need not necessarily be true so that conclusions obtained from such
methods are often approximate or even get vitiated unless these
methods are robust. No wonder then that on repeating the
experiment, we get different results.

Bootstrap methods are basically simulation methods conducted
on high-speed computers and aimed at generating new data sets
from the observed original data set. When the data set happens to
come from a long-tailed probability distribution, a trimmed mean,
where a certain percentage of observations are deleted from the
lower and upper ends ofthe ordereddata set, provides a much more
accurate statistic than the usual mean. Since we do not know a
priori whether the true distribution is long-tailed or not, it is
preferable to use trimmed means. For instance, Efron and
Tibshfrani (1991) illustrate the use of trimmedmean with the help
of data on cholesterol reduction scores of 9 men after taking
cholestyramine. The following are the scores in an ordered random
sample from the scores of 164 men:

-21.0, 3.25, 10.75, 13.75, 32.50, 39.50, 41.75, 56.75, 80.0

The ordinary mean is x = 28.58 with an estimated standard error
of 10.13. The estimated confidence interval is then 28.58 ± 10.13z
where z = 1.645, 1.960, 2.576 relating to the areas under the normal
curve for the respective 90, 95 and 99 per cent confidence intervals.
When we take 25 per cent trimmed mean, x (0.25) is obtained as
27.81. For obtaining the standard error of this estimate, we do not
have any algebraic formula like in the case of ordinaxy mean. A
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number of bootstrap samples of size 9 are therefore drawn
independently with replacement from the original data set using
random number generator on computer, the 25 per cent trimmed
mean is calculated for each sample and an empirical standard
deviation of these sample means is worked out to obtain the
bootstrap estimate of the standard error for x (0.25). For different
number of bootstrap samples, we get

Number of samples Standard error

25 12.44

50 9.71

100 11.50

200 10.70

400 10.48

The randomness in the bootstrap standard errors comes from
the use of a finite number of samples. It has been found that this is
negligible when the number of samples is greater than 200. The
setting up of confidence intervals with bootstrap is, however, not
that simple.

The abovesimple algorithm ofbootstrap sampling can be applied
in several other cases like regression, time series, stratified
sampling, multivariate structure etc. The Edgorithm is perfectly
general. For Instance, in the case of non-parametric regression
between two variables y and x, loess — a computer-based fitting
method - instead of usual least squares is used. In this method,
no model is assumed over the entire range of the independent
variable x. Instead, a series of local regression curves for different
values of x (the target point) is fitted, in each case using only data
points near the target x-value of interest (say a moving window of
20 per cent of the points). The process is repeated for all possible
target points to obtain a non-parametric regression. The bootstrap
algorithm is applied as before to obtain the bootstrap loess curves
giving the standard errors of the predicted values at each of the
target points.

STATISTICS AND GENETICS

The mechanism of random phenomenon which is the basis of
statistics permeates the whole science of genetics and hence
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statistical concepts and methodology interface extensively with
genetics (Naraln, 1987). For instance, in diploid organisms, when
the sperm and egg, the sex cells or gametes from the two parents,
unite to form a zygote, the begiiming of a new individual, the
biological process of fertilization faces all the risks one can think of.
Ifthe fertilization is successful, the union ofspenn and egg bridges
the generations and ensures the survival of the species. If not, the
energy and labour invested in the production ofgametes is wasted.
It is, therefore, due to the role played by random phenomenon
during the process of fertilization that the process of inheritance
takes place. Similar examples of random phenomenon can be cited
in almost every aspect of genetics and breeding. This random
mechanism is handled through the calculus of probability which
provides the theoretical base to statistics. When the principles of
genetics and breeding are applied to domesticated plants and
ammals, data get generated. The methodology of.statistics then
provides with a most powerful means for efficient planning of
observational and experimental genetics and breedingprogrammes
as wellas an unambiguous interpretation of the resulting data for
drawing objective inferences. Efficient methods of estimation of
genetic parameters and tests of hypotheses for appropriate
inferences about these parameters are made use of extensively in
the application of statistical genetic principles to problems m
genetics and breeding. Naraln (1990, 1991) give details of the
Interface between statistics and genetics in a comprehensive
marmer.

The random phenomenon requiring the use of statistics is
encountered both when we study Inheritance at the individual level
as well as when we consider Inheritance at the populational level.
In the latter case, population genetics to be precise, particularly
when the population size is finite, random process plays a
predominant role in the form of a stochastic process of gene
frequency which has been exploited recently In relation to evolution
at the molecular level. The features of statistics become of
paramount importance in the context of the inheritance of
quantitative characters, quantitative genetics to be precise, which is
basic to the improvement of domesticated plants and animals by
breeding.

Stochastic Process in Evolutionary Genetics

Perhaps the most important and advanced application of
statistics in genetics is in relation to the
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mathematical-cum-statistlcal theory of population genetics and
evolution (Narain, 1983). Fisher, Haldane and Wright contributed
significantly, by developing deterministic and stochastic models in
this context. Since characters are transmitted from one generation
to another by genetic factors, evolutionary changes are expressed
in terms ofreplacement ofa given factor by its counterpart in a given
population. In other words, it is the gene substitution at the
population level which is reflected in evolution. For describing
quantitatively the process of evolution and measuring its rate, we
study the population dynamics of gene substitution. This involves
population genetic principles and particularly the stochastic
process of gene frequency (proportion of various alleles in the
population) when the population is considered as finite. But the
evolution occurs at the phenotypic level. Till recently, we did not
have any means to connect the gene frequency/ change with
phenotypic evolution. Mathematical and statistical models of
population genetics were used to infer about the manner in which
evolution might have occurred. With the advent of molecular
genetics, this difficulty has now been overcome. It is now possible
to compare in related organisms, say man and mouse, RNA
molecules (direct product of genes) and proteins (ultimate product
of genes) so as to estimate the rate at which alleUc genes are
substituted in molecular evolution. By synthesis of protein
chemistry and palaeontological (fossil) studies, we can better
understand the mechanics of evolution.

Random change in gene frequency due to finite population size
is given the name Sewell Wright effect as Wright (1921, 1931) was
the first to point it out. It is actually random genetic drift Involving
random fluctuation of gene frequency in a finite population over time
caused by random sampling of gametes in reproduction. In any
sexually reproducing species, the total number of individuals is
usually a random sample chosen from a much larger gene pool of
male and female gametes produced by the parental generation.
Suppose we consider a model population consisting of4 individuals
each with two alleles, both of them being equally distributed in the
ratio of 1:1. The population gene frequency is iJius 50 per cent. If
random sampling follows a binomial law, it may happen that out of
8 gametes we may find 3 of one kind and 5 of another kind in the
random sample ultimately selected. This will give rise to the second
generation of Individuals in which the gene frequency wiU now be
37.5 per cent. This drift in gene frequency from 50 to 37.5 per cent
is purely by chance. The average change in the frequency of a gene
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in one generation is, however, zero but the variance follows the
binomial law.

In considering the population dynamics ofmutant substitution,
we need information regarding the probability of gene fixation as
well as the average length of , time Involved for each gene
substitution. For getting quantitative estimates of time to fixation,
a general theory based on diffusion approximation as well as Markov
chain methods was developed by Narain (1974, 1977). This involves
conditioning the process for the contingency of eventual fixation. In
the diffusion approximation approach it leads to conditioned
forward as well as backward diffusion equations with modified drift
coefficient but with the sarhe diffusion coefficient as in the case of
the unconditional process. Using the backward form of the
conditioned diffusion equation, one develops differential equations
for obtaining the various moments of the distribution of time until
fixation of a gene. In the case of pure random drift, we are able to
obtain an explicit formula, showing that the average time to fixation
depends on the effective population size as well as the initial gene
frequency. For the case of a mutant Introduced singly m the
population in the initial stage, this average time tends to a limit 4Ne
where Ne is the effective population size.

Quantitative Genetics

For several characters which show differences of degree rather
than of kind, characters such as yield of a crop or mUk yield of a
cow showing continuous variation, it is important to determine, by
means of appropriate statistical methods, the extent of differences
between the individuals due to genetic factors as opposed to
non-genetic ones. For the inheritance of such quantitative
characters, the group of individuals or population is studied in
terms of statistical parameters which summarize the population
characteristics. Quantitative genetics is thus essentially statistical
in nature and this is the reason why the statistical science has
played an important role in the genetic Improvement of economic
characters in domesticated plants and animals which has ultimately
led to the improvement of agriculture for the benefit of mankind.

A statistical measure of the variability of a quantitative character
In a given popvilation, is provided by the phenotypic variance which
is compounded of genetic and environmental variability. The ratio
of the genetic to total variance, which has been found to be very
useful, is known as heritabllity of the character. The heritability of
a characterin a narrow sense (h^) enables us topredictthe breeding
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value of a plant or an animal for the given character. It is in fact the
regression coefficient (bAp) of the breeding value (A) on the
phenotypic values (P) since it can be shown that the covariance
between the two is equal, to the variance due to additive effects of
genes or in other words the genie variance The variance due to
phenotypic values op, being the total variance, the correlation (rAp)
between Aand Pis equal to h. The heritabili^ therefore expresses
the reliability of the phenotypic value as a gi^ide to the breeding
value and enters almost every formula connected with the breeding
method. Many decisions of the breeders depend on its magnitude.
It must, however, be noted that heritability is a property not only of
a character, but also of the population and of environmental
conditions under which Individuals are observed and measured.
Any change in the genetic or environmental components of the total
variance can bring about a change in its value. The genetic
component is affected by gene frequencies and therefore may differ
from one population to another according to its past history. For
example, a smaU population maintained for a very long time, may
have genes which are virtually fixed and therefore may indicate low
heritability than a large population. Similarly if environmental
conditions are variable due to differences in management, feeding
etc., the value of heritability will be reduced. Hence, any estimate of
the heritability of a character must be referred to a particular
population under particular environmental conditions.

When expressed in the narrow sense, the parameter (h^) is
particularly useful for prediction of the gains to be expected from
selection practised by breeders of domestic plants and animals for
the Improvement of economic characteristics. Assuming that the
character is normally distributed, let the mean of the parent
population be Xp with standard deviation op. If Individuals having
values greater than a certain value c are selected as progenitors_of
the next generation and the mean of this selected group is say Xg,
then th^sele£tion differential to which the population is subject to,
is S = Xs- Xp. Expressed in units of Op, this is the' intensity of
selection i = (S/Op) which is equal to (z/p) where p is the proportion
of the population selected and z is the ordinate of the standard
normal distribution at the truncation point c such that the area to
the right of it is p. The expected genetic gain in the character, or in
other words, the response R to the selection applied is then

R = h^S = i h'̂ Op = ih Oa
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Thus for a population with a certain variability expressed in
terms ofOp and at a given selection pressure expressed in terms of
i, the response is more if h^ is high and less if h^ is low. This
relationship can be extended to the multivariate case also (Narain,
1992).

CYBERNETICS AND GENETICS

As already stated earlier, cybernetics is the science of control
and communication in animals and machines. In the former case,
cybernetics has interfaces with several biological sciences
particularly genetics and evolution. The concept of control In
cybernetics implies auto-regulation - a property possessed by all
biological organisms — known as homeostasis. It originated with
the concept of physiologicalhomeostasis developed and elaborated
by Walter B. Cannon in the field of physiology. It refers to the
property of the organism to adjust itself in response to fluctuating
inner and outer environments. It is this property which enables
organism to adapt, survive and evolve. The idea ofhomeostasis has
been extended to an inter-breeding group or more precisely to
Mendellan populations. Self-regulation at the level of such
populations is referred to as genetichomeostasis (Lemer, 1954).

Due to the work of Caimon (1932), the property of homeostasis
has been reduced in terms of iriteractions between constituent parts
and functions. In the context of evolution, the origin of biological
feed-back mechanism - the cybernetic concept - is in itself a
questionofcentral interest.Simple genetic models normally assume
the absence of interaction between genotype and environment and
therefore do not consider this Inevitable property of self-regulation.
For a more realistic modelling of livingorganism, we must take such
interactions Into account so as to throw light on the
genetic-cum-environmental homeostasis. However, these
interactions lead to regulatory mechanism by controls fromwithin
the individual. There has to be sufficient feed-back for these controls
to be effective. How do the Internal controls arrange for survival and
evolution can only be understood by invoking the principles of
genetics. This can be made clear by looking into the nature and
control of a physiological characteristics like feed intake In man.

In regard to food Intake, we have necessarily to consider three
factors, viz., the appetite, the ability ofIndividual to digest the food
that he takes and his ability to convert the absorbed nutrients Into
energy for the purpose of the activity in which he is engaged. The
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amount of nutrients absorbed by the individual depends on the rate
of intake and on the digestive efficiency. These nutrients are used
for the maintenance and activity of the individual (in the case of
children, for growth also). Individuals having large appetite wiU tend
to have a larger food intake leading thereby to some set-back m their
digestive efficiency but they would also have a higher quantity of
absorbed nutrients available for the maintenance and work. No
doubt any superfluous nutrients would be diverted towards
deposition of fat instead of protein and the activity would be
somewhat impaired. The genetic differences between Individuals are
therefore mostly due not to the differences in the inherent efficiency
of the separate bio-chemical processes but In the way in which the
individuals direct the absorbed nutrients to different functions and
activities of the body.

Although the chromosomal DNAIn the cells of man controls his
all activities, it alone is not sufficient. The living body is engaged In
active exchange with the environment and DNA regulates these
exchanges. It functions as the information store having a permanent
record of the Individual's potential. Any particular activity such as
the utilisation of the energy produced by Intake at any given time
depends upon which sections of the information encoded in the DNA
are being expressed and also the relative rates at which this
information is being transcribed. The information transfer from the
genes is the basic source of the regulatory system of the living
creature by virtue of which Individuals maintain homeostasis. The
genetic controls are inherited from the parents and passed on to the
offspring. Using them, other polynucleotides are produced Including
messengers to ^control production of appropriate en^mes for
physiological controls, metabolic systems and effectors which are
all inter-dependent, the required energy for these reactions being
drawn from the metabolic system. The whole system takes actions
that oppose tendencies in the environment to disintegrate them and
a steady state of Hvtng organism is maintained (Waterman, 1968)

Models of Protein Deficiency

Sukhatme and Margen (1978) developed the concept of protein
requirement of individuals In a djmamic sense and Indicated the
method by which it can be extended to those of populations. Their
approach is to take Into account the Intra-indlvidual variability In
requirement, not as a random noise due to measurement errors but
in a manner represented by an auto-regressive stochastic process.



66 JOURNAL OF THE INDIAN SOCIETY OF AGRICULTURAL STATISTICS

When we have time series data on daily N-balance in man
maintaining body weight on fixed intake and on the assumption that
energy intake is not a limiting factor in the diet, we can represent
the series as

wit= pw,(t_i)+ eit

where Wj^ is the balance on the t-th day for the i-th individual, p is
the serial correlation of order one between w^ and w,(t_i) and e^is a
random variable with mean zero and variance Og. This model
represents an auto-regressive Markov process, comprising of two
components- one a short-term component arising from the current
value of the process at the previous time point and the other a
long-term component In the form of errors of measurement. In such
a process, the errors get incorporated Into the motion of the process
to determine the balance on any given day and are not cancelled out
as they would do In a purely random process with p = 0. The
expected value of Wj^ is zero with variance OeZ/l-p^) which is
independent of t and therefore remains constant. Such a process is
known as stationary stochastic process. The observed value of
balance on any given day will then be distributed around mean zero
within limits ± 2o^/^i- which are known as homeostatic limits.

The data relating to daily N-balance on fixed intake of CaUoway
and Margen (1971) as well as from experiments conducted at the
Department of Nutritional Sciences, University of California,
Berkeley, USA, were examined by Sukhatme and Margen (1978) for
the nature and degree ofIntra-Individual variation. It was found that
for Intakes in the range of 3.5 to 12 gms N/day, the day to day
fluctuations in N-balance were not random but were serially
correlated in an auto-regressive process. This implies that the daily
N-balance is regulated. This regulation is produced by a
probabilistic generating mechanism which remains constant
through, time. At very high or negligible N-mtake this regulation is
shown to break down i.e., homeostasis can no longer be maintained.
At high levels ofprotein, metabolism is altered, becoming more rapid
than before, body weight increases, and the frequency and
amplitude of oscillations become larger and Irregular. At low levels
of protein, body weight decreases, and the frequency and eunpUtude
of the oscillations Increase and decrease respectively. In either case,
the organism is under stress. It was shown that the magnitude of
stationary variance is comparable with the variation between
Individuals. The result was found to hold even when the daily
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reqmrement was averaged over several days. Sukhatme and Margen
conclude that protein deficiency must be defined as a failure of the
process to be in statistical control, and not defined in the manner
that assumes reqiiirement to be fixed whereby if an individual
consumes protein below this level, he suffers from protein
deficiency.

Genetic Significance of Auto-^egulatory Mechanism

Sukhatme and Narain (1982a,b) showed that the
intra-individual variability in calorie or protein intake is enhanced
due to interaction between the genotype of the individual and the
environment as he advances in time. Theoretically, the situation is
best handled by invoking a model for the one-way analysis of
variance with correlated errors.

Assuming that we have data on energy balance orprotein Intake
for k subjects recorded at successive n days, the model describing
the response of subject i on t-th day is given by

Yit= M.+ bi + Wit

where Yit is the corresponding response with |u as overall mean, b,'s
are independently and identically distributed with variance 6^,
independently of w,t and w^'s for the same Individual, are n
consecutive random variables foUowtng an auto-regressive process
of order one as described earlier. They have shown that the variance
of the mean of the individual when averaged over n different days
can be expressed as

Vp(n)=a^+ ra^ + inl'
n

Op.

where r is the average correlation between observations of a given
iiidividual. It is related to p, the serial correlation of the
auto-regressive process.

The effect bi in the above model reflects genetic effects of the i-th
individual as weU as certain environmental effects permanently
associated with the individual's development such as intra-uterine
and external environment experienced by him. Its variance would
therefore contain the genetic component of variance CVq) as well as
common environmental component ofvariance (VEg) so that

Ob = Vg + Ve, .
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In SO far as Og is concerned, it reflects only the variability due
to local environmental effects (Ve,) provided the genotype does not
interact with the environment. If it is not so, another component of
variance due to the interaction (VgeJ would enter in the
within-individual component so that when the observations are
averaged for several days, it does not bring about the reduction in
the variance of the mean of the individual to the extent it would do
if the genetico-physiological process ofcalorie or protein metabolism
had been the same on each day. We, therefore, get

Vge.
r =

Ve,+ Vge,

The average correlation f can then be given a genetic
interpretation as heritability of the individual or intra-individual
heritability in a manner similar to the concept of heritability as
already discussed. It is the fraction of the total intra-individual
variability which is due to interaction between the genotype and the
environment and could take any value between 0 and 1. The
existence of the genotype x environment interaction thus enhances
the intra-individual variability with stabilisation of variance as we
increase the period of time over which the data are collected. The
strength of this interaction can be measured in terms of the serial
correlation coefficient signifying the degree of auto-regulatory
mechanism.

The above considerations can be extended to consider
covariance between relatives so as to reveal how genetic relationship
controls the auto-regulatory mechanism measured in terms of p. It
can be shown that compared to the average correlation in the given
generation f, the average correlation (r*) in the relatives with a
genetic relationship rg t^es theform

r =

Ve,+ Tg Vge,

We can then relate the two as

F=
1-(1- rJr
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where Tg is 1foridentical twins, (1/2) forparent-offspringorfuU-sibs
and (1/4) for half-sibs. Thus as r increases from 0 to 1, F also
increases characteristically between 0 to 1, depending on the value
ofTg. At a given value off, thevalue off* is highest i.e. equal tof for
identical twins and lowest for half-sibs.

STATISTICS, CYBERNETICS AND GENETICS

It is thus apparent from the bilateral interfaces discussed in the
foregoing that we expect to have interface among statistics,
cybernetics and genetics. As a matter of fact, cybernetics helps us
to understand genetic systems using statistical principles. In order
to illustrate this, we present the analysis conducted by Sukhatme
and Naraln (1983) on the data collected by Edholm et al (1970)
regarding food intake and energy expenditure of army recruits. The
data collected by Edholm et al (1970) involved simultaneous
observations on intake and expenditure on 35 young army recruits
during the 2nd, 5th and 8th week of a nine-week period of training
at 6 different Depot Centres in UK, using the most sophisticated

Table 1. Analysis of daily energy intake and expenditure in kcal/kg of body
weight in Depot Centre D

(period : Monday to Friday)

d.f.

Mean Square Estimates ofTrue

Variance

Intake
Expendi

ture
Intake

Expendi
ture

Between subjects 5 788 37 37 -

Between weeks within

subjects 12 230 58 22 4

Between days within
weeks

72 122 36 122 36

0"uj 12 6

Mean 61 60

% C.V. 20 11

Var. of mean 46

% S.E. 11 6
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techniques of measurement. During weekdays, the subjects were
engaged in similar activities of group nature such as drill, lectures,
meals and games. The intake of the subjects was measured using
the weigh as you eat method from a common table and expenditure
was calculated by timing activities and from energy expended during
each activity as estimated from the amount of oxygen consumed
using Integrated Motor Pneumotachograph (IMP) devised for the
purpose. The examination of data showed that intake Vciries much
more than expenditure from day to day at the various centres. The
cumulative energy balance at the end of week (period) was very large
and varied considerably from one period to another. Table I gives
analysis of variance of the data on daily Intake and expenditure at
Depot Centre D for the period of five days from Monday through
Friday. The intake and expenditure are expressed on per kUogram
body weight basis.

Let Oh stand for the true variance between subjects, Op for true
variance between periods within subjects and Od for true variance
between days within period within subjects. Then the expected
values of the three Mean Squares in the hierarchical model of
ANOVA would be :

E (between subjects within Depots) = . 15ob-i--50|+ oj

E (between weeks within subjects) = SOp +

E (between days within weeks) = oj

where the numbers preceding and Op represent the number of
days observed for each subject and during given period. It follows
tliat the variance of a single observation for any subject is given by

••• Csl,= ol+ Od

and that of the mean intake and expenditure per kg of body weight
Wer p days by

2

"p + p

The Table alsb shows estimates of true variance as also of Ow
and of the variance of mean intake and expenditure per kg of body
weight together with the respective coefficients of variation. It wUl
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Table n. Variance ofindividual's mean energy intake, expenditure andbalance
based on psuccessive days asproportioii of unit variance for p=l. Depot centre D

,

Period

(days)

Observed Expeicted

Intake Expenditure Balance p = 0.00 p = 0.30

1 1.00 1.00 1.00 1.00 1.00

3 0.43 0.63 0.55 0.33

.

0.49

4 0.27 0.37 0.31 0.25 0.39

5 0.28 0.29 0.29 0.20 0.32

6 0.21 0.32 0.25 0.16 . 0.27 j
be seen that the mean square betweenperiodsis significantly larger
thcin mean square between days within periods.- This indicates that
the variance ofthe mean ofp values stabilizesat Op. TheCV ofdally
intakeis seentobe 20percent. Ifdaytodayvariationswere random,
the CV ofmean daily values over time in the same individual would
be smaller. The data show that it is not.

Unlike intake, the variation in the case of energy expenditure is
smaller. The CV fordaily expenditure is 11 per cent and that of the
mean dally expenditure is 6 percent. The smaller magnitude ofthe
CV in the case ofenergy expenditure is tobeexpected sincethe army
recruits were engaged in fixed tasks from day to day, but theyhad
choice of intake on aU days. This analysis refutes the assumption
that expenditure in an individual maintaining body weight and
engaged insimilar activities from day to day isconstant and isequal
to individual's habitual intake. This suggests that the body regulates
its energy balance ona range ofintakes byvarying theefficiency of
intake utilisation.

The series of Edholm et al (1970) referred to earlier relate to 3
non-continuous weeks and therefore does not permit a direct study
ofauto-correlationtoprove that energyrequirementis self-regiilated
over a range ofIntakes much in the samemanner as the series of
dally N-balance in man living on fixed level of N and maintaining
body weight studied in Sukhatme and Margan (1978) indicate. The
mathematical model for such an auto- correlation, however, can be
indirectly verified by computing variances of the mean balance.
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when dally balance is averaged over 2, 3 or more successive days.
The results of this exercise are given in Table II. It is found that the
variance of the mean balance does not vaiy inversely as the length
of the period, but that it decreases slowly, thus confirming that
successive values are serially correlated. Further, the hypothesis
that the daily balance is distributed in a stochastic stationary
manner of the same Markovian type with serial correlation of the
first order equal to 0.3 seems perfectly plausible. Edhokn's data
must, therefore, be interpreted'^to mean that although intake may
not be equal to expenditure even when averaged over a week, man
is in balance every day in a probabilistic sense with varying intervals
between peaks and troughs and varying amplitudes in daily
balance.

The estimates of intra-class correlation (r) and of serial
correlation of order one (p) in dally intake and expenditure in
kcals/kg of body weight in Depot Centre D are :

Intake Expenditure

r 0.15 0.10

P 0.23 0.17

The heritable portion of the variance arising from interaction
with environment is admittedly small being of the order of 0.15 for
intake and 0.10 for expenditure. Although small, the resultingvalue
of the auto-correlation is consistent with the hjrpothesis of
auto-regressive model of order one advanced earlier. The small size
need not detract from its value in explaining the cause of the
persistent nature of intra-tndividual variation. In the nature of
things r and with it p, are expected to be small when the main
concern is to study the influence of day to day change on the
performance of the next day within the frame-work of ontogenic
growth. In other words, while the normal range of r -will be
- l/(p-l) to 1, and the distribution skew, it wUl be even narrower
and the distribution skewer in the short term phenomenon that is
studied here.

It would thus appear that energy balance is under the
physiological control of the body with different genes switched on
and off on dlBFerent days and periods of ontogenic development in
response to specialised environment. It is because ofthis Interaction
that man is able to bring for himself a change In the rate of energy
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flow, speeding it sometimes and slowing it down on other occasions,
to maintainhomeostasis. No onecan change the genetic blue-print
with which one is bom, but it appears that one can influence its
development under the impact of sustained specialised
environment. Although accounting for only a small portion of\he
total variance, this possibility has obviously far reaching
implications for social, economic and cultural changes.

CONCLUSIONS

Finally, I hope the interfaces which I have presented, would
bring home the point that atleast, inso far as statistical profession
is concerned, we should look at it as a cross- disciplinary activity
and develop a feel of the subject matter area in which it is applied.
Such an approach is gaining momentum as can be seen from a
Report of Olkin and Sacks (1988), Co-chairs of a Panel of the
Institute ofMathematical Statistics and the settingup ofan Institute
of Statistical Sciences in North Carolina, USA based on their
recommendations. I wouldlike to end by quotingfrom their Report:

The widespread influence of interaction between
statistics and other disciplines and the very nature of
statistics as the science of the meaning and use ofdata
establish the statistical science as the discipline with
the most central and complex cross-disciplinary
activity'.
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