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1. Introduction

Professor Kesar Singh, a beloved colleague, friend and vibrant researcher, had a massive heart
attack and left us forever, and far too soon, on Wednesday May 16, 2012. Kesar Singh was born on
June 20, 1955 into a farming family just outside of Varanasi, India. He got his B.Sc. degree in 1973
from Allahabad University and Ph.D. in 1979 from the Indian Statistical Institute (ISI), Kolkata. He
was my first Ph.D. student. His thesis was on asymptotic theory of quantiles and L-statistics. Kesar
Singh was considered exceptionally brilliant by his teachers and fellow students at ISI. Highlights of
his statistical research spanning more than three decades are reviewed here.

2. The early years

Kesar Singh’s early work was on L-estimators, empirical and quantile processes, probabilities of
moderate and large deviations for dependent processes, and Strassen’s r-quick convergence. His
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results on these topics were published during 1977–1983 [1–10,13,15]. Some of them are joint work
with the author and others.

Kesar Singh’s intuition that the location estimators that are linear combinations of order statistics
giving less weight to extreme data points are better for distributions having heavier tails paid off. He
provided theoretical support for this at various levels of generality by introducing a ‘new’ condition for
heaviness of tail. He indicated amethod for calculating relative efficiencies over the class of symmetric
unimodal distributions [1]. He established an asymptotic almost sure representation for L-statistics
based on i.i.d. observations in [10]. He also provided nonuniform rates of convergence to normality
for linear functions of order statistics which are useful in the study of moment convergence.

Kesar Singh along with his co-authors developed asymptotic expressions for tail probabilities
of the deviation of the sample mean from the population mean for dependent processes including
strong and uniform mixing random variables, and linear processes [3–5,15]. They derived both
uniform and nonuniform Berry–Esseen bounds for sums of nonstationary uniform mixing random
variables. The bounds are then applied to establish convergence of absolute moments of such sums
to the corresponding moments of the standard normal distribution. In [9], he obtains large deviation
probabilities for the sample mean Xn and for certain functions of the empirical distribution, including
Anderson–Darling and Kolmogorov–Smirnov statistics, when the observations {Xi} obey the following
dependencemodels: (i) Xi =


∞

j=0 ajZi−j, i ≥ 1; {aj} real numbers such that


∞

j=0 |aj| < ∞,


∞

j=0 aj ≠

0 and {Zj}∞−∞
i.i.d. mean zero random variables. (ii) {Xi} is an m-dependent, stationary, mean zero

sequence of random variables. Various applications and some extensions to the multivariate case
are also discussed. He continued his work on large deviation probabilities for non-central t-statistics
in [25].

In [2], after developing a number of useful inequalities, Kesar Singh and his co-author estimate
the deviations between empirical and quantile processes for mixing random variables with almost
sure rates of convergence. The results are similar to those of Bahadur and Kiefer in the i.i.d. case. The
results of [2] give the sharpest possible orders in view of the corresponding i.i.d. result of Kiefer. Kesar
Singh relaxes considerably the conditions on the mixing rate used in earlier work, and develops an
approximation result for the strong mixing case with only polynomially decaying mixing coefficients
in [8]. Some of the inequalities developed in [2] are used in [6] by him to approximate a quantile
process by an empirical process and provide nonuniform error bounds for dependent observations. In
this representation of quantile processes, the order of the remainder gets sharper and sharper as one
moves towards sample extremes.More precisely, letU1,U2, . . . be a stationarym dependent sequence
of random variables each having a uniform distribution on the interval (0, 1). If Fn is the empirical
distribution function and F−1

n is its left continuous inverse, i.e., the sample quantile function, then

sup
εn≤t≤1−εn

[t(1 − t)]−1/4
|F−1

n (t) − t + Fn(t) − t| = O{n−3/4(log n)3/4}

almost surely, where εn = n−1 log n. He also obtains the corresponding result for ϕ-mixing uniform
(0, 1) random variables. This extends a result of [67] by introducing the weight function and weak
dependence of the random variables. The key to these and subsequent results is the following
inequality developed in [2]: for a strictly stationary uniform mixing process {Xn}, with uniformly
distributed marginals, there exists a d > 0 such that, whenever 0 ≤ α < 1, 0 < |β| ≤ b ≤

1 − α, |β|, 1 ≤ k ≤ m,H ≥ 0, and 0 < D ≤ bm19/24, we have

P

 H+k
i=H+1

I(min(α, α + β)) ≤ Xi < max(α, α + β) − |β|

 > 2dD


≤ d1m−4

+ d2e−8D2/mb,

under some mixing conditions, where d1, d2 are some constants.
Kesar Singh also contributed to the so called r-quick convergence introduced by [69] as a stronger

version of his functional log–log law. A sequence of random elements {fn} in a metric space (M, d) is
r-quickly relatively compact with limit set U ⊂ M if, for each ε > 0, E(sup{n ≥ 1 : fn ∉ Uε})

r < ∞,
where r > 0, Uε is the ε-neighborhood of U , and E(sup{n ≥ 1 : d(x, fn) ≤ ε})r = ∞ for each x ∈ U .
Kesar Singh and the author, after giving an r-quick version of the Cramér–Wold device, developed
asymptotic results formixing strictly stationary sequences in [13]. The paper also contains the r-quick
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limit set of the uniform empirical process and r-quick versions of the Bahadur–Kiefer representation
for sample quantiles. This and the results for the empirical process led Kesar Singh and the author
to characterize the r-quick limit set of general weighted quantile processes. These results are then
applied to the asymptotic distribution and moments of first exit times of linear functions of order
statistics. This, at that time, was new even in the i.i.d. case. The paper ends with some results on
r-quick convergence of certain Gaussian processes, including the Wiener and Kiefer processes.

3. The bootstrap era

Kesar Singh’s fundamental contribution to statistical theory is in the area of Bootstrap method-
ology. At the critical juncture of his career and the precise moment the bootstrap method is being
proposed, hewas awarded a Ford Foundation Fellowship in 1979 to join the Stanford Statistics Depart-
ment as a post-doc. It was around that time that Brad Efron introduced the bootstrap method. Many
leading statisticians were racing to provide a theoretical justification for bootstrap. Kesar Singh, as a
fresh Ph.D., was the first to show that the bootstrap approximation is superior to that derived from
the Central Limit Theorem for the distribution of the sample mean of i.i.d. random variables from
a non-lattice distribution. This landmark result and his subsequent seminal work in many areas of
statistics, including data depth and confidence distributions, made Kesar Singh a household name in
bootstrap circles as well as in several other statistics communities. When Brad Efron heard of Kesar
Singh’s passing, he commented ‘‘. . . Among other things, Kesar is a key bootstrap guy’’.

An introduction to bootstrap methods can be found in the 1977 Rietz Lecture of Efron [66]. Let
X1, X2, X3, . . . , Xn be a random sample of size n from a population with distribution F . Let Fn denote
the empirical distribution function. Kesar Singh in his fundamental contribution [11] investigated the
convergence of Brad Efron’s bootstrap distribution of a function T (X1, . . . , Xn, F) of the observations
and the underlying distribution. Efron’s approximation is obtained by replacing F by Fn and then
resampling the data. In other words, the distribution of T (X1, . . . , Xn, F) is approximated by that of
T (Y1, . . . , Yn, Fn), where, given the original dataX1, . . . , Xn, the bootstrap randomvariables Y1, . . . , Yn
are conditionally independent with common distribution Fn. Asymptotic results (convergence rates)
are derived in three basic cases of T (X1, . . . , Xn, F), namely, Xn−µ, (Xn−µ)/δ, F−1

n (t)−F−1(t), where
Xn denotes the sample mean, µ and δ2 are the mean and the variance of F . It turns out, for example in
the non-lattice case, that the bootstrap approximation of the distribution of the standardized sample
mean is asymptotically more accurate than approximation by the limiting normal distribution.

Fortunately, the book [65] on ‘Normal approximation and asymptotic expansions’ was published
few years earlier. Kesar Singh and his colleagues exploited the results on Edgeworth expansions from
this book to extend the results of [11] to smooth functionals of multivariate means. In [16] they gen-
eralized the bootstrap procedures where the resampling is not necessarily from the empirical distri-
bution but from Gn, a general estimator of the underlying population distribution. The results contain
amultivariate generalization of thematerial in a paper by Kesar Singh [11]. In particular, they apply to
the case of the bootstrapdistributions of a Studentizedmultivariatemeanvector and the sample corre-
lation coefficient. In classical theory such improvements to normal approximations are achieved using
individual transformations, such as Fisher’s Z-transformation. The bootstrap method, when properly
used, avoids such individual transformations by taking into account the skewness of the sampling dis-
tribution. Kesar Singh and the author have shown that bootstrap automatically corrects for skewness
in a very general setup (the so called smooth functional model) that includes the statistics: Sample
Means, Sample Variances, Central and Non-central t-statistics (with possibly non-normal populations),
Sample Coefficient of Variation, Maximum Likelihood Estimators, Least Squares Estimators, Correlation
Coefficients, Regression Coefficients, and smooth transforms of these statistics. Thus the sampling distri-
bution of several commonly occurring statistics are closer to the corresponding bootstrap distribution
than the normal distribution. These conditional approximations are suggestive of the unconditional
ones, though one cannot be derived from the other by elementary methods.

Kesar Singh and the author considered inference on multiple means in [14]. Let F1, . . . , Fk be the
distributions of k populations with means µ1, . . . , µk, and let θ =

k
i=1 ℓiµi, where ℓ1, . . . ℓk are

nonzero known constants. If X i, s2i are the sample mean and variance of a sample of size ni from the
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Fi, then θ̂ =
k

i=1 ℓiX i is an unbiased estimator of θ and ν̂ =
k

i=1 ℓ2
i s

2
i /ni is an estimator of variance

of θ̂ . They have studied the bootstrap approximation of the distribution of the Studentized random
quantity (θ̂ −θ)/ν̂ and go on to show that such an approximation is asymptotically more accurate for
the Studentized version than (θ̂ − θ).

In principle the bootstrap distribution is completely known as it depends only on the original
sample. However, in practice to get the bootstrap distribution, one needs to compute the statistics
for all possible bootstrap samples. This is a daunting effort even for sample sizes as small as n = 10.
In [14], Kesar Singh and the author have shown that it is sufficient to compute the statistic for
N ∼ n(log n)2 random bootstrap iterations to obtain a result with sufficient accuracy.

Kesar Singh has pursued his earlier work on L-statistics, and jointly with the author used bootstrap
techniques in [17] to establish asymptotic representations similar to Bahadur–Kiefer, for the bootstrap
procedures on linear combinations of order statistics.

With his then colleague at Rutger’s university Shaw-Hwa Lo, Kesar Singh studied the bootstrap
for the censored data in [22]. Let (Xi, Yi), i = 1, . . . , n, be i.i.d. random variables, with Xi and Yi
independent for each i. In the random censorship model, one observes (Zi, δi), where Zi = min(Xi, Yi)
and δi is equal to 1 or 0 according as Xi ≤ Yi or Xi > Yi. Let F and G denote the survival distribution and
the censoring distribution, respectively, i.e., the distribution functions of X and Y . The product-limit
(PL) nonparametric estimator of F(= 1−F) on the basis of the data (Zi, δi)was proposed byKaplan and
Meier in 1958: ˆF(t) =


∗
((n− i)/(n− i+ 1)) if t ≤ Z(n), ˆF(t) = 0 if t > Z(n) and δ(n) = 1, and ˆF(t) is

undefined if t > Z(n) and δ(n) = 0,where Z(i) denotes the ith ordered value of {Z1, . . . , Zn} and


∗ runs
over all i such that Z(i) ≤ t and δ(i) = 1. Asymptotic properties of the PL estimator have been studied
by many authors. The basic aim in this paper is to express the PL estimator and its quantile process
as i.i.d. mean processes of bounded random variables with remainders which are O(n−3/4

· (log n)3/4)
a.s., uniformly in time bounded away from the upper end of the support of 1 − F · G. Moreover, they
show that corresponding bootstrapping for estimating the standard error of the PL estimator gives
processes which also can be represented via means of i.i.d. r.v. with remainders of the same order.
These results not only give a justification of the bootstrap method in this setup, but also provide a
way of constructing confidence bands for the distribution or quantile function.

For nonstandardized statistics, the bootstrap approximation and the normal approximation
generally have the same rate of convergence, namelyO(n−1/2). However, the bootstrap estimate of the
cumulative distribution function can have a smaller asymptotic mean square error. This phenomenon
is termed partial correction in Kesar Singh’s joint work with R. Liu in [24]. As an application, the
bootstrap p value is closer to the actual p value than the p value obtained by using the central limit
theorem. Partial correction, however, does not seem to lead to better (1−α)100% confidence intervals,
at least for small values of α. The results are derived using Edgeworth expansions.

For an estimator T admitting an Edgeworth expansion, a simple modification T1 leads to a
normal approximation up to the order o(n−1/2). This leads in turn to a second stage modification T2
whenever T1 admits an expansion (of the Edgeworth type). A general procedure for such multistage
modification of pivotal statistics is developed jointly with L. Abramovitch in [21] improved the
normal approximation. Bootstrapping T1 is shown to be equivalent (asymptotically) to the normal
approximation for T2. Explicit formulae are given in some special cases, and the concept of deficiency
(due to Hodges and Lehmann) is incorporated to compare the usual t-statistic and its one-step
correction. R. Liu, S.-H. Lo and K. Singh have established consistency of bootstrap for Fréchet
differentiable functionals in [26]. Due to their approach, they had also to address the question of
measurability of the bootstrap estimates.

Kesar Singh and the author answered affirmatively in [29] an open question posed by [64] on
asymptotic optimality of the bootstrap estimates. LetHn,F denote the distribution function of

√
n(Xn−

µF ), whereXn denotes the samplemean of an i.i.d. sample of size n fromadistribution F withmeanµF .
In this article they established an asymptoticminimax bound for the risk EG(u(supx |Hn(x)−Hn,G(x)|))
uniformly over all estimatorsHn ofHn,G and all distributionsG in a shrinking neighborhood of F , where
u is a loss function. Beran’s definition of the risk involved for technical reasons convolution of the error
with a nonshrinking smooth distribution, which was removed in [29].
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Kesar Singh and Liu explored the limits of bootstrap by introducing two resampling procedures: the
moving blocks jackknife (MBJ) and the moving blocks bootstrap (MBB) in [32]. The two procedures
resample from the moving blocks B1, . . . , Bn−b+1, where b is the size of each block and Bj denotes
the block consisting of b consecutive observations starting from Xj, i.e., Bj = {Xj, Xj+1, . . . , Xj+b−1},
where X1, . . . , Xn is a sequence of stationarym-dependent random variables with common marginal
distribution F . For the MBJ, pseudovalues are generated by deleting each of such blocks. As for the
MBB, k i.i.d. block samples are drawn from B1, . . . , Bn−b+1. All elements in the k sampled blocks are
then regarded as the bootstrap sample. BothMBJ andMBB tend tomake a partial correction for them-
dependence if b is a fixed positive integer. Furthermore, they both achieve the asymptotic consistency
under m-dependence if b is allowed to grow to infinity with n. Kesar Singh and Liu continued their
collaboration on resamplingmethods in [33], where they considered the linear regressionmodel Yi =

xiβ + ei, i = 1, . . . , n, with independent mean zero random variables ei having variance σ 2
i . Let β̂ =

xiYi/Ln, with Ln =


x2i , be the least square estimator and vn =


x2i σ
2
i /L2n its mean square error.

They compared the performance of resampling techniques for estimating vn. They established that for
the delete-1 jackknife estimator V̂n the representation n(V̂n −vn) = nL−2

n
n

i=1 x
2
i (e

2
i −σ 2

i )+OP(n−1)
holds, whereas, for the bootstrap estimator Vn,

n(Vn − ṽn) =

n
i=1

(e2i − σ 2
i )/Ln + OP(n−1),

with ṽn =


σ 2
i /(nLn). It follows that in the homogeneous case, the asymptotic relative efficiency

of Vn with respect to V̂n is greater than or equal to 1. However, in the heterogeneous case, ṽn is
typically different from vn and thus Vn is inconsistent. Moreover, it is shown that other commonly
used resampling procedures satisfy one of the above representations and hence can be divided into
two types: type E (the efficient ones like the bootstrap) and type R (the robust ones like the jackknife).
The results are extended to the general linear model.

Liu and Kesar Singh further used i.i.d. bootstrap inferences for generating non-i.i.d. models in [38]
They have shown that confidence intervals for themean (and functions of themean), whose endpoints
are delivered by the usual i.i.d. bootstrap, are conservative in a non-i.i.d. setting.

In [44] Kesar Singh developed a general formula for computing the breakdown point in robustness
for the t-th bootstrap quantile of a statistic Tn. He has shown that it depends on t as well as the
breakdown point of Tn. Since the bootstrap quantiles are vital ingredients of bootstrap confidence
intervals, the theory has implications pertaining to robustness of bootstrap confidence intervals. For
certain L andM estimators, a robustification of bootstrap is suggested via the notion ofWinsorization.

Kesar Singh and Xie proposed in [48] a bootstrap density plot (histogram) of ‘‘mean—trimmed
mean’’ for a suitable trimming number as a nonparametric graphical tool for detecting outlier(s) in a
data set. This ‘bootlier’ plot is multimodal in the presence of outliers. As an exploratory data analysis
tool, thismethod can be applied to data sets from awide range of distributions, and it is quite effective
in detecting outlying values in data sets with a small portion of outliers. The main strength of this
plot lies in its ability to incorporate heavy or short tailedness of the data in outlier detections and its
effectiveness for outlier detection in multivariate settings where only a few tools are available. They
also developed a quantitative index (called a bootlier index) to assess the bumpiness of a bootlier plot.

Kesar Singh along with his colleagues published several papers [20,27,28,47] on Edgeworth
expansions for sampling without replacement from finite populations, lattice as well as on the cases
where some of the marginals are lattice and the others are non-lattice.

4. Later years: data depth

Kesar Singh and Liu developed three concepts of data depth for directional data in [31] restricting
attention to circles and spheres:

1. The angular simplicial depth (ASD)—the probability that a point is in a simplex (short arc joining
two points on a circle; spherical triangle bounded by three short arcs on a sphere).
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2. The angular Tukey depth (ATD)—the infimum, over all closed semicircles (hemispheres) S contain-
ing the point in their boundaries or in their interiors, of the probability of S.

3. The arc distance depth (ADD)—π minus the expected value of the length of the short arc joining
the point with another point on the circle (sphere).

ASD extends the notion of simplical depth (SD) proposed in [68] from Euclidean space to circles and
spheres. ATD is based on Tukey’s depth [70] on Euclidean space for populations and data on circles and
spheres. L1 distance in Euclidean space leads to the notion of ADD for spheres and circles. Data depth
on spheres defines a deepest point or center ormedian, and a ranking of directional data in the order of
centrality. Empirical versions of these depths provide center-outwards rankings of angular data, with
applications in classification and the construction of bootstrap confidence regions. A comparison is
made of the medians derived from these depths. A data depth can be used to measure the ‘‘depth’’ or
‘‘outlyingness’’ of a given multivariate sample with respect to its underlying distribution. This leads
to a natural center-outward ordering of the sample points. This work energized and spawned much
activity on robust procedures for the analysis of multivariate data.

Kesar Singh and his colleagues developed several methods based on data depth. In [40] Yeh and
Kesar Singh investigate the bootstrap confidence regions formultivariate parameters based on Tukey’s
depth. The bootstrap points are deleted on the basis of Tukey’s depth until the desired confidence level
is reached. They also study the asymptotic consistency of Tukey’s depth-based bootstrap confidence
regions. Rank tests for multivariate scale difference based on data depth were developed by Liu and
Kesar Singh in [52]. Using data depth they develop, in [34], a quality index based Q = Q (F ,G) that
measures the overall ‘outlyingness’ of population G relative to population F , and amultivariate analog
ofWilcoxon’s rank sum test for Q . The notions of limiting p-values are developed and using bootstrap
and data depth, they provide these values in [39] for a broad class of testing problems where the
parameters of interest can be either finite or infinite-dimensional. The article [49] by Liu, Kesar Singh
and Teng introduces the method of simplicial intercept depth (SID) for linear fitting. The SID method
is invariant under rotations and reflections. It is also robust against outliers, with its breakdown point
bounded away from zero. They also investigate efficiency and invariance between the SID method
and other regressionmethods such as regression depth, orthogonal regression, L1 regression and least
squares. A simplical fit plot as a new graphical tool for a visual assessment of the goodness of a given
linear fit is also developed. The area under the simplicial fit plot corresponds to its SID value, and
hence the SID value can be viewed as a robust analog of the usual coefficient of determination arising
from the least squaresmethod. Continuing their work, these three authors develop a data depth based
moving average control chart (DDMA-chart) for monitoring multivariate data [50]. It is an effective
nonparametricmultivariate control chart that can detect simultaneously location and scale changes in
the process. It improves upon the existing r andQ -chart in the efficiency of detecting location changes.
The results were applied to airline performance data (collected by the FAA).

The work by Kesar Singh and his colleagues in this direction culminated in a special invited
paper with discussions in Annals of Statistics [45], where they introduced quantitative and graphical
methods for analyzing multivariate distributional characteristics such as location, scale, bias,
skewness and kurtosis, as well as for comparing inference methods. These are built up on their earlier
work on center-outward ranking based on data depths. The graphs introduced were one-dimensional
curves in the plane and can be easily visualized and interpreted. They also proposed depth versus
depth plots, probably closest in concept to Mann–Whitney in univariate terms, and examined their
use as graphical inference tools. Some diagnostic tools for multivariate normality are also introduced.
The affine invariance property of a data depth also leads to appropriate invariance properties for the
statistics and methods considered in this paper.

5. The latest work: confidence distribution

In classical statistical theory, a single point (point estimator) or an interval (confidence interval
‘‘interval estimator’’) are commonly used to estimate a parameter of interest. Kesar Singh and his
colleagues address the question: canwe use a distribution function to estimate a parameter of interest
in frequentist inference in the style of a Bayesian posterior? The answer is affirmative, and confidence
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distribution (CD) is a natural choice of such a ‘‘distribution estimator’’. The concept of a CD has a long
history, and its interpretation has long been fused with fiducial inference. Historically, it has been
misconstrued as a fiducial concept, and has not been fully developed in the frequentist framework.
In recent years, confidence distribution has attracted a surge of renewed attention, and several
developments have highlighted its promising potential as an effective inferential tool. Starting in the
mid 2000s in a series of papers [51,54,59], Kesar Singh alongwith his colleagues Xie and Strawderman
developed a methodology for combining information from independent studies through CD. A formal
definition and its asymptotic counterpart (i.e., asymptotic confidence distribution) are introduced
in [51]. They developed two general methods for combining information:

• The first is similar to combining p-values, with some notable differences with regard to optimality
of Bahadur type efficiency.

• The second by multiplying and normalizing confidence. This approach is inspired by the common
approach of multiplying likelihood functions for combining parametric information.

They also developed adaptive methods that attempt to combine only the correct information,
downweighting or excluding studies containing little or wrong information about the true parameter
of interest. The methods were supported by the accompanying asymptotic theory. Continuing their
work, they provide several interesting and motivational examples of CD’s in [54]. They define the
notion of an optimal CD in the univariate setting, which in turn links to the issue of defining optimal
confidence intervals for a given problem. They also investigated an alternative approach to point
estimation and hypothesis tests via the CD methodology. The interconnection between CD’s and
profile likelihood functions are brought out clearly. A CD function contains a wealth of information
for statistical inference, and it is a useful device for combining studies from different sources. Based
on their earlier work on a CD, they focused on robust meta-analysis for combining studies from
independent sources in [59]. They developed two robust meta-analysis approaches; one where the
sample size increases, and the other where the number of studies increases. They have shown that
both of these robust meta-analysis approaches have high breakdown points and are highly efficient
for normal models.

Kesar Singh’s research on Confidence Distributions culminated into his final review article with
Xie [63]. The review was followed by discussions by eminent statisticians D.R. Cox, Bradley Efron,
Donald Fraser, Emanuel Parzen, Christian Robert, Tore Schweder and Nils Hjort. To paraphrase the
authors, this article surveys recent developments of confidence distributions, along with a modern
definition and interpretation of the concept. It includes inference based on confidence distributions
and its extensions, optimality issues and their applications. The concept of a CD subsumes and unifies
a wide range of examples, from regular parametric (fiducial distribution) examples to bootstrap
distributions, significance (p-value) functions, normalized likelihood functions, and in some cases,
Bayesian priors and posteriors. The discussion is entirely within the school of frequentist inference,
with emphasis on applications providing useful statistical inference tools for problems where
frequentistmethodswith good propertieswere previously unavailable or could not be easily obtained.
The article is likely to help bridge the gaps between frequentist, fiducial and Bayesian approaches.

Kesar Singh passed away all of a sudden before writing the Rejoinder to discussions by eminent
statisticians. Professor Xie had to shoulder the sole responsibility of preparing the Rejoinder. Kesar
Singh’s other research is given in [12,18,19,23,30,35–37,41–43,46,53,55–58,60–62].
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