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From the Desk of Professor Dipak Dey

A Self-Organized Criticality Model of Extreme
Events and Cascading Disasters: A New Sta-
tistical View

Dear Fellow Statisticians,

It is striking to some extent that statisticians get involved
in applied problems in a rather arbitrary fashion based on
personal connections and whether the statistician’s personal
methodological research fits with the applied problem. Are
statisticians sufficiently involved in the most important scientific
problems in the world and if not, is there some mechanism that
could be developed by which we as a profession can make our
expertise available to the scientists tackling those problems?
How do we close the gap between the sophistication of methods
developed in our field and the simplicity of methods used by
many practitioners?

In this issue, I will introduce a relatively new topic of research,
which is extremely important for our society and is rarely
touched by statisticians.

Introduction

Extreme events and catastrophic failures–including infras-
tructure collapse (e.g., bridges, buildings, roads), climate-
related disasters, systemic power outages, and organizational
breakdowns–are increasing in frequency, scale, and complexity.
Conventional statistical approaches often rely on assumptions
of independence, linearity, and thin-tailed variation. These
assumptions may be inadequate for modern systems that are
highly interconnected, adaptive, and vulnerable to cascading
disruptions.

This article presents Self-Organized Criticality (SOC) as
a scientifically grounded framework for understanding extreme
risks. By integrating concepts from physics, probability, spatio-
temporal statistics, environmental science, and computational
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data analysis, SOC provides a unified ex-
planation for how small perturbations may
trigger failures of arbitrary magnitude.

Why Traditional Models Often
Fail?

Many classical risk models assume:

• Independent component failures

• Gaussian or light-tailed variability

• Linear cause-and-effect relationships

• Rare extremes as outliers

However, real systems frequently exhibit:

• Strong dependence across components

• Heavy-tailed event distributions

• Nonlinear feedback mechanisms

• Cascading failures across networks

• Extreme events as intrinsic outcomes

These features motivate a broader modeling
paradigm.

What is Self-Organized Critical-
ity?

Self-Organized Criticality describes how com-
plex systems naturally evolve toward a crit-
ical state where they remain apparently
stable, yet increasingly fragile. In this regime:

• Small disturbances can trigger events of
any size

• Large events are not frequent but un-
avoidable

• No characteristic event scale exists

• System-wide behavior follows the laws of
scale-invariant laws

A common statistical signature is:

P (S > s) ∼ s−α

where: S= event size, s= threshold, α=
critical exponent governing tail behavior.

Lower values of α imply heavier tails and
greater systemic fragility.

Physical Intuition: The Sand-
pile Paradigm

The classical sandpile model remains the sim-
plest illustration of SOC:

1. Grains are added sequentially.

2. The pile steepens while appearing stable.

3. Internal stress accumulates.

4. One additional grain may trigger a minor
slip or a major avalanche.

The key lesson is profound: systems may
drift toward instability through ordinary in-
cremental inputs.

SOC in Interconnected Systems

Many modern systems can be represented as
networks with nodes and dependencies:

• Power grids

• Transportation systems

• Supply chains

• Financial markets

• Communication networks

• Climate-linked infrastructure

Typical SOC dynamics include:

• Gradual stress accumulation

• Threshold-triggered local failure

• Redistribution of load to neighbors
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• Recursive cascades

• Emergent large-scale collapse

Thus, localized failures can propagate into
system-wide disruption.

Real World Relevance

Recent disasters reveal a repeating pattern:

• Aging infrastructure weakened over time

• Environmental stressors intensified loads

• Protective systems exceeded design ca-
pacity

• Communication delays worsened outcomes

• Interdependent systems failed sequentially

Natural hazards often become catastrophic
when they interact with pre-existing struc-
tural fragility.

Interpreting the Critical Expo-
nent

The exponent α can be viewed as a quanti-
tative stress indicator:

• Higher α: failures tend to remain local-
ized

• Intermediate α: broad range of cascade
sizes possible

• Lower α: extreme system-wide failures
become more probable

Monitoring changes in α may provide an
early warning signal of increasing vulnera-
bility.

Applications

1. Power Systems

Electric grids operate under continu-
ously varying demand, weather expo-
sure, and operational constraints.

SOC models suggest that persistent
declines in stability indicators may pre-
cede major blackouts.

2. Air Transportation

Hub-and-spoke networks are efficient
but fragile. Minor disruptions at criti-
cal hubs can propagate nationally thr-
ough delay cascades.

3. Climate and Environmental Risk

Climate change may amplify SOC dy-
namics by increasing both stress fre-
quency and propagation intensity, pro-
ducing compound disasters across mul-
tiple sectors.

4. Athlete Safety and Human Per-
formance

Athletes may also be modeled as adap-
tive systems balancing:

• workload

• recovery

• hydration

• heat stress

• sleep

• injury burden

• psychological pressure

Collapse may occur not from one ex-
treme exposure, but from cumulative
stress crossing a physiological thresh-
old.

Toward an EarlyWarning Frame-
work

An SOC-based monitoring system would aim
to:

• Track system-wide stress indicators

• Estimate tail behavior dynamically

• Detect transitions toward criticality
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• Simulate never-before-seen extreme sce-
narios

• Support preventive intervention before co-
llapse

This shifts risk management from reactive
response to anticipatory resilience.

Implications for Statistics

SOC invites statisticians to develop new met-
hodologies for:

• Inference under heavy tails

• Dependent extremes

• Dynamic network cascades

• Bayesian critical-state monitoring

• Real-time anomaly detection

• Uncertainty quantification for rare disas-
ters

This is a fertile research frontier for Bayesian
science.

Conclusion

Extreme events are often not random anoma-
lies. They may be the expected consequences
of complex systems operating near critical
thresholds.

Self-Organized Criticality offers:

• A coherent theory of cascading disasters

• A statistical explanation for heavy-tailed
extremes

• Practical tools for early warning and pre-
vention

• A bridge between physical science and
modern data analytics

Understanding fragility is the first step to-
ward resilience. The SOC perspective en-
courages us to view disasters not as isolated

surprises, but as emergent outcomes of inter-
connected systems under accumulated stress.

Future Directions

• Robust Bayesian inference for SOC pa-
rameters

• Sequential estimation of critical exponents

• Integration with sensor and streaming data

• Infrastructure resilience analytics

• Athlete protection monitoring systems

• Climate-linked systemic risk forecasting
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What is Statistical Evidence?

Dedicated to the memories of Professor D.

A. S. Fraser and Professor Irwin Guttman

Professor Michael Evans
Department of Statistical Sciences

University of Toronto
mevansthree.evans@utoronto.ca

I had the good fortune to write an arti-
cle for the Indian Bayesian Society Newslet-
ter in 2015. In that Newsletter there were
also contributions by Professor J. K. Ghosh
and by Professor Malay Ghosh, so I felt
very honored to have my article included.
Prof. Malay Ghosh’s article was entitled “A
Bayesian 21st Century”. His article com-
mented on some historical prejudices that
had existed in the statistical community aga-
inst Bayesian inference, and how this was
changing to a more positive view. I defi-
nitely think that this is the case, and very
much so since 1977 when I started my ca-
reer as a university professor. Actually, I
was trained as a frequentist statistician and
that is how I addressed statistical problems
early in my career and I’ll confess to having
that negative prejudice when I graduated.

Prof. Don Fraser was my supervisor and,
at that time, his primary research direction
was involved with what he called structural
inference. Structural inference was a for-
malization of some aspects of Fisher’s fidu-
cial inference. Structural inference is not far
from Bayesian inference as it can be consid-
ered as such, provided one accepts the use
of improper priors. In the case of a struc-
tural model, the prior is the right Haar prior
on the group associated with this model.
Structural inference struck me then, and still
does, as a very beautiful theory and it con-
vinced me, as a former student of mathe-
matics, that statistical inference was a sub-
ject worth studying further. Professor Fraser
has since passed on, but he remained active
in statistics well into his 90’s. I’ll always be
grateful to him for convincing me that the

foundations of statistics was an important
subject. For those interested in structural
inference, I recommend his book Fraser
(1979). This book also seems to be one
of the first to begin to mathematically for-
malize a theory of statistical inference that
did not sit within decision theory, as no loss
function was incorporated.

As I worked at my research in the field of
statistics, I became convinced that some of
the basic issues arising in the foundations
could not be resolved within the context of
what is commonly called frequentist statis-
tics. I will have more to say about fre-
quentism, and its role in inference, later in
the article. As such, I began to investi-
gate other approaches and, due largely to
the influence of another mentor, Professor
Irwin Guttman, I slowly began to see that
Bayesian inference offered a natural solution
to many problems. Professor Guttman was
also a student of Professor Fraser and he was
definitely a Bayesian. His guidance was piv-
otal for me beginning to think much more
seriously about Bayesian inference. I will
admit that I found this a somewhat confus-
ing endeavor at times. There seemed to be
a plethora of different Bayesian approaches
and perhaps this is reflected in I. J. Good’s
claim that there are 46,656 different types of
Bayesians, see Good (1971). Sadly, Profes-
sor Guttman recently passed away, and so
our joint work has ended, but I will always
be indebted to him.

Today I am definitely a Bayesian, but maybe
of an even additional variety to the ones
Good counted. This is because for me the
central concept for the subject of statistics is
statistical evidence. Certainly the words ev-
idence or statistical evidence are commonly
used as part of statistical analyses. So, it is
very natural to ask, what is statistical evi-
dence? By this I mean, can a precise defini-
tion of this concept be provided? Certainly,
I am not the first to consider this question
and, in fact, I think the answer has been
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clear for many years and well-discussed by
others. I will state the answer via a princi-
ple of inference that I call the principle of
evidence.

Let us suppose we have a probability model
(Ω,A, P ) and we are interested in whether
or not an unobserved ω ∈ Ω actually sat-
isfies ω ∈ A where P (A) > 0, and we are
told unambiguously that ω ∈ C where also
P (C) > 0. Then by the basic principle of
conditional probability, our beliefs in the
truth of ω ∈ A are now changed from P (A)
to P (A |C). This leads to the following.

Principle of Evidence: If P (A |C) >
P (A), then there is evidence in
favor ofA being true, if P (A |C) <
P (A), then there is evidence that
A is false, and if P (A |C) = P (A),
then there is no evidence either
way.

Clearly P (A |C) = P (A) iff the events A
and C are independent so indeed, in that
case, observing that C is true can tell us
nothing about the truth of A. I do not know
of a simpler characterization of evidence than
this principle. It seems obvious that, if what
we have learned to be true has caused our
beliefs to increase (decrease), then what has
been observed to be true has provided evi-
dence in favor of (against) the truth of the
event in question. After all, that is what
evidence does, it changes our beliefs. This
basic characterization has long been stud-
ied in the philosophy of science under the
rubric, confirmation theory.

For the principle of evidence to apply it is
necessary to have a full probability model.
In the proper Bayesian context this applies
and for the moment suppose that all proba-
bilities are discrete. In this case, we have the
inference base ({f(· | θ) : θ ∈ Θ}, π, x) com-
prised of the model {f(· | θ) : θ ∈ Θ}, a col-
lection of probability densities on a sample
space X with respect to some support mea-
sure and indexed by a model parameter θ ∈

Θ, a prior π on Θ, and finally the observed
data x. This leads to a full probability model
for (θ, x) with density π(θ)f(x | θ) and then
the principle of conditional probability leads
to the posterior π(θ |x) = π(θ)f(x | θ)/m(x),
where m(x) =

∑
θ∈Θ π(θ)f(x | θ) is the prior

predictive density of the data. Generally,
there is a parameter of interest ψ = Ψ(θ) ∈
Ψ(Θ) and our goal is to make inference (hy-
pothesis assessment, estimation) about this
quantity. The inference base for θ is then re-
placed by the inference base for ψ, namely,

({m(· |ψ) : ψ ∈ Ψ(Θ)}, πΨ, x)

wherem(x |ψ) =
∑

θ∈Ψ−1{ψ} π(θ |ψ)f(x | θ),
π(· |ψ) is the conditional prior on θ given
that Ψ(θ) = ψ, namely, it is the prior on the
nuisance parameters, and πΨ(ψ) =

∑
θ π(θ)

(θ ∈ Ψ−1{ψ}) is the marginal prior on ψ.
All inferences about ψ are then based on
({m(· |ψ) : ψ ∈ Ψ(Θ)}, πΨ, x). It is immedi-
ate from the principle of evidence that there
is evidence in favor of (against, none either
way) ψ when πΨ(ψ |x) > (<,=)πΨ(ψ).

It isn’t sufficient to only determine whether
there is evidence in favor or against some
value of ψ, it is also necessary to say some-
thing about the strength of the evidence,
namely, is it strong, moderate or weak ev-
idence. This seems best addressed via a pos-
terior probability that measures how strongly
we believe what the evidence says. So, for
example, suppose we have evidence in fa-
vor of ψ0 being true, so πΨ(ψ0 |x) > πΨ(ψ0)
and, in the discrete context, πΨ(ψ0 |x) is the
posterior probability of ψ0. If this posterior
probability is large, then we have strong ev-
idence in favor of ψ0, etc. Actually quoting
πΨ(ψ0 |x) doesn’t seem adequate in many
contexts because πΨ(ψ0 |x) may be small
simply because the cardinality of Ψ(Θ) is
large. Furthermore, since evidence is mea-
sured by change in belief, it seems more ap-
propriate to look at how much beliefs have
changed when considering strength. To ad-
dress this a numerical measure of evidence
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seems essential and one possibility is the rel-
ative belief ratio

RBΨ(ψ0 |x) =
πΨ(ψ0 |x)

πΨ(ψ0)
. (1)

Note that this is a valid measure of evidence
because there is a cut-off, determined by the
principle of evidence, so that RBΨ(ψ0 |x) >
(<= 1) means evidence in favor of (against,
none either way) ψ0. Also, if RBΨ(ψ1 |x) >
RBΨ(ψ2 |x) > 1, then there is more evi-
dence in favor of ψ1 than ψ2, because the
data has lead to a greater proportional in-
crease in belief for ψ1 than for ψ2 and when
RBΨ(ψ1 |x) < RBΨ(ψ2 |x) < 1, then there
is more evidence against ψ1 than against ψ2,
because the data has lead to a greater pro-
portional decrease in belief for ψ1 than for
ψ2. A natural measure of the strength of the
evidence provided by RBΨ(ψ0 |x), is then
given by the posterior probability

StrΨ(ψ0 |x) =

ΠΨ(RBΨ(ψ |x) ≤ RBΨ(ψ0 |x) |x).
(2)

Further, if there is evidence in favor of ψ0

and StrΨ(ψ0 |x) ≈ 1, then there is small
belief that the true value of ψ has a larger
relative belief ratio than ψ0, and so there is
strong evidence in favor of ψ0. If there is evi-
dence against ψ0 and StrΨ(ψ0 |x) ≈ 0, then
there is large belief that the true value has
a larger relative belief ratio and so we have
strong evidence against ψ0, etc.

For continuous parameters the problem of
measuring statistical evidence is approached
via limits. So, if Bε(ψ0) is a sequence of
neighborhoods that converges (nicely) to ψ0

as ε→ 0, then we define

RBΨ(ψ0 |x) = lim
ε→0

RBΨ(Bε(ψ0) |x)

=
πΨ(ψ0 |x)

πΨ(ψ0)

where the final equality holds whenever πΨ

is continuous and positive at ψ0. So, the ba-
sic form (1) is maintained generally. The

strength of the evidence is then measured
as in (2).

The above discussion focuses on the assess-
ment of the hypothesis H0 : Ψ(θ) = ψ0.
There is still more to this story as it is rela-
tively easy to incorporate the difference that
matters δ into the assessment that arises
with continuous parameters. By this is meant
that the hypothesis now assessed is H0 :
Ψ(θ) ∈ (ψ0 − δ/2, ψ0 + δ/2), at least when
ψ is real-valued, as values differing by less
than δ/2 are equivalent in terms of the ap-
plication. The value of δ is application de-
pendent, although several values can be con-
sidered as part of assessing sensitivity to the
choice. For assessing the strength of the ev-
idence, a grid of values . . . , ψ0 − δ, ψ0, ψ0 +
δ, . . . , is formed, with their prior and poste-
rior probabilities determined from the corre-
sponding intervals that surround them. This
can be generalized to what is called a regular
discretization, see Evans and Jang (2024),
for more general spaces. Note that this dis-
cretization is relatively easy in Bayesian con-
texts and it avoids the “large sample para-
dox” associated with p-values for point nulls.
For, in the continuous case, all such point
nulls are false, so if you take a large enough
sample size, a p-value will give evidence aga-
inst even though the difference detected is
of no practical importance. In general, it
seems cumbersome to incorporate such a δ
with p-values, but with relative belief it is
easy. This discretization even simplifies com-
putations as implementation only requires
samples from the prior and posterior and
there is no need to estimate continuous den-
sities.

For estimation problems it seems clear that
a possible estimate is ψ(x) = arg supRBΨ

(ψ |x), as this is the value with the most ev-
idence in its favor. Notice that this is the
MLE of ψ based on the model {m(· |ψ) :
ψ ∈ Ψ(Θ)}. To assess the accuracy of the es-
timate there is the plausible region PlΨ(x) =
{ψ : RBΨ(ψ |x) > 1}, namely, the set of val-
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ues having evidence in their favor. The size
of PlΨ(x), together with its posterior prob-
ability, provide an assessment of how accu-
rate we believe the estimate is. Notice that
PlΨ(x) is a likelihood region for the model
{m(· |ψ) : ψ ∈ Ψ(Θ)}. In fact, relative be-
lief inferences always respect the likelihood
ordering. An advantage that relative belief
inferences have over likelihood inferences, is
that they are based on a clear definition of
statistical evidence.

There is yet another consideration that needs
to be taken into account. The Bartlett
paradox, often seen as part of the Jeffreys-
Lindley paradox, can cause a real problem
if we are not careful. This problem arises
when diffuse priors are used when assess-
ing a hypothesis H0 : Ψ(θ) = ψ0, namely,
as the prior becomes more diffuse, in some
problems RBΨ(ψ0 |x) → ∞. So, for a dif-
fuse enough prior, evidence in favor of H0

will be obtained even when it is meaning-
fully false. This problem is not avoided by
discretization. There is a natural way to
deal with problems like this and, moreover,
it is an essential aspect of a statistical argu-
ment. We are referring here to experimen-
tal design which, at its most basic, answers
the question, how much data do we need to
collect to ensure that the inferences drawn
are reliable? In the context of relative be-
lief, this is answered by the computation of
what are called the biases, see, Evans and
Guo (2021). Basically there are two bi-
ases, bias against and bias in favor, for the
hypothesis assessment and the estimation
problems. For example, for the hypothesis
problem H0 : Ψ(θ) = ψ0, then

bias againstΨ(ψ0)

= M(RBΨ(ψ0 |x) ≤ 1 |ψ0),

bias in favorΨ(ψ0)

= sup
ψ:d(ψ,ψ0)≥δ

M(RBΨ(ψ0 |x) ≥ 1 |ψ).

So, the bias against ψ0 is the prior proba-
bility of not getting evidence in favor of ψ0

when it is true, and the bias in favor of ψ0, is
the largest prior probability of getting evi-
dence in favor of ψ0 when it is meaningfully
false. In the context of the Bartlett para-
dox it is the case that the bias in favor con-
verges to 1 as the prior becomes more and
more diffuse. The cure for this is simple,
however, as both biases converge to 0 with
sample size. The reliability of the inferences
demands that these probabilities be small as
they refer to errors in the inferences. Would
you believe the results of a statistical anal-
ysis that found evidence against ψ0 when
bias againstΨ(ψ0) = 0.9? Our guess is that
most would say that this is pretty much a
foregone conclusion and advocate that the
experimenter collect more data. Similarly,
if bias in favorΨ(ψ0) was very large, it is un-
likely that finding evidence in favor of ψ0

would be viewed as a reliable result. As
such, it seems you are free to choose a very
diffuse prior, but don’t do this arbitrarily
as you will need to pay the price of hav-
ing to collect more data to ensure reliabil-
ity. There are similar bias calculations for
the estimation problem, but now these refer
to the coverage probabilities of the plausible
region PlΨ(x).

It is notable that these bias calculations are
frequentist probabilities with respect to the
model {m(· |ψ) : ψ ∈ Ψ(Θ)}. This makes
for a nice unification of Bayesian and fre-
quentist ideas: Bayes is for inference and
frequentism is for design and error control
to ensure reliability. For relative belief in-
ference, both ways of thinking are essential
and there is no conflict between them.

The relative belief ratio is not the only valid
measure of evidence via the principle of evi-
dence. For example, the Bayes factor is also
a valid measure of evidence with cut-off 1.
A natural question then is, why not base
the theory of inference on the Bayes factor?
Going back to the discussion leading up to
the statement of the principle of evidence,
we see that the Bayes factor in favor of A
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having observed C is given by

BF (A |C) =
P (A |C)

P (Ac |C)

/
P (A)

P (Ac)
,

which is the ratio of the posterior odds in
favor of A to the prior odds in favor of A.
In fact, this shows that

BF (A |C) =
RB(A |C)

RB(Ac |C)
,

and the Bayes factor can be expressed very
simply in terms of the relative belief ratio.
Since RB(A |C) > 1 iff RB(Ac |C) < 1,
taking the ratio is not really accomplishing
anything meaningful in terms of expressing
evidence. It is worth noting too that Bayes
factors are primarily used for hypothesis as-
sessment, but the relative belief ratio also
leads to a theory of estimation. While the
Bayes factor may have uses in the context of
discrete parameters, in the continuous con-
text, a natural definition is given by the
limit

BFΨ(ψ0 |x) = lim
ε→0

BFΨ(Bε(ψ0) |x)

= RBΨ(ψ0 |x),

which establishes the equality of the two
measures. Even when the Bayes factor is
defined via a spike-and-slab prior, a very
natural restriction for the prior on the null
leads to equality of the two measures. These
results, and other reasons to prefer the rel-
ative belief ratio to the Bayes factor, are
documented in Al-Labadai et al. (2025).
In any case, many of the results of relative
belief theory do not depend on the particu-
lar valid measure of evidence used. For ex-
ample, the definition of the plausible region
only depends on the principle of evidence.

The relative belief ratio has arisen as a mea-
sure of evidence many times in the literature
and that is because it is very natural and has
many good, and even optimal, properties,
see Evans (2015). For example, Keynes
(1920) refers to it as the coefficient of in-
fluence and there have been other names

given to the ratio as well. In statistics it is
sometimes referred to as the Savage-Dickey
ratio. The terminology relative belief ratio
seems more appropriate, however, as that is
what it is, the ratio of beliefs a posteriori to
beliefs a priori. Note too that the relative
belief ratio is the density of the posterior
with respect to the prior. What is unique
about relative belief theory, is that it is an
attempt to construct an entire theory of in-
ference based upon the characterization of
statistical evidence through the principle of
evidence. A proper Bayesian inference base
is necessary for the principle of evidence to
apply and this is perhaps the primary reason
the author considers himself a Bayesian. So
far, it seems that attempts to define or char-
acterize evidence without specifying a prior
do not succeed, but success in that endeavor
can never be ruled out. For a review of the
various attempts to characterize statistical
evidence see Evans (2025).
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Bayesian Theses from Banaras
Hindu University in 2025-26

Analysis of Human Fertility
Patterns Using Bayesian

Paradigm

Shambhavi Singh

Ms. Shambhavi Singh submitted her Ph.D.
thesis entitled “Analysis of Human Fertil-
ity Patterns Using Bayesian Paradigm” un-
der the supervision of Prof. S. K. Upad-
hyay, Department of Statistics, Institute of
Science, BHU. The thesis presents a rig-
orous Bayesian investigation of human fer-
tility patterns by integrating demographic
theory, probabilistic modelling, and modern
computational techniques.

Fertility is a central determinant of popu-
lation structure and demographic change.
Although long studied in demographic re-
search, the Bayesian framework remains rel-
atively underutilized in this area. This the-
sis addresses this gap by showing how prior
information, expert knowledge, and histori-
cal evidence can be systematically incorpo-
rated into fertility modelling through Bayes-
ian inference, which is particularly relevant
in demographic studies where prior insights
on fertility behaviour, biological processes,

and population trends are often available.

The thesis develops flexible Bayesian mod-
els for age-specific fertility rates and extends
Bayesian modelling to fecundity. Since con-
ventional models may be inadequate for con-
temporary and non-standard fertility pat-
terns, mixture-based models using lifetime
distributions are proposed to capture com-
plex structures, including bimodal fertility
schedules. Fertility dynamics are further
addressed by distinguishing pre-modal and
post-modal variability, allowing adaptation
to spatio-temporal shifts in the fertility be-
haviour.

It also introduces copula-based joint prior
structures for demographic parameters, re-
laxing the usual assumption of prior inde-
pendence and coherently capturing depen-
dence among parameters in a computation-
ally practical manner without complex con-
ditional specifications. For fecundity analy-
sis, a Bayesian generalized non-linear model
with an asymmetric link function is used
to study conception probabilities while ac-
counting for covariates such as a womans
age, mucus characteristics, and intercourse
patterns, thereby capturing the inherent asy-
mmetry in conception processes and improv-
ing model realism.

Given the complexity of posterior distribu-
tions, Markov chain Monte Carlo methods,
including Metropolis and hybrid Gibbs–Met-
ropolis algorithms, are employed for compu-
tation. Through simulated and real-world
data analyses, the proposed Bayesian mod-
els are evaluated in terms of fit, predictive
performance, and comparative advantage
over standard approaches. Overall, the the-
sis contributes to applied Bayesian demog-
raphy by offering flexible, interpretable, and
computationally efficient models for under-
standing and predicting human fertility pat-
terns.
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Bayes Analysis of Certain
Medico-Social Datasets Using
Selected Regression Models

Pranjal Kumar Pandey

Mr. Pranjal K. Pandey also submitted his
Ph.D. thesis on the above title under the
supervision of Prof. S. K. Upadhyay, De-
partment of Statistics, Institute of Science,
BHU. The thesis presents a Bayesian in-
vestigation of logistic regression models and
their extensions, with emphasis on medico-
social data analysis. The primary objec-
tive is to develop reliable, flexible, and in-
terpretable Bayesian inferential frameworks
for binary and multi-category response vari-
ables. In this direction, Bayesian logistic
regression is considered as the foundational
model and extended to polytomous logistic
regression for analysing outcomes with more
than two categories.

A significant feature of the thesis is the in-
corporation of interaction effects among co-
variates within Bayesian regression models.
By including interaction terms, the study
captures complex relationships among ex-
planatory variables often present in medico-
social research, thereby improving both ex-
planatory power and practical interpretabil-
ity, particularly when multiple risk factors
jointly influence health-related outcomes.

The Bayesian perspective is especially im-
portant for low-event and small-sample data-
sets frequently encountered in medical, epi-
demiological, and social science research,
where classical likelihood-based methods
may produce unstable estimates, large stan-
dard errors, or convergence difficulties. To
address these limitations, the thesis employs
subjectively elicited prior distributions based
on expert opinion, providing additional in-
formation to stabilize estimation and im-
prove posterior inference when observed data
are limited. The study also examines the
influence of prior specification on posterior

estimates, emphasizing the importance of
careful prior elicitation in applied Bayesian
analysis.

Another important contribution lies in the
computational implementation of the pro-
posed models. Existing Markov chain Monte
Carlo techniques are suitably modified to
improve applicability, efficiency, and con-
vergence behaviour for logistic and polyto-
mous logistic regression models, particularly
in sparse-data settings. These refinements
strengthen the practical usability of the Bay-
esian procedures developed in the thesis.

The proposed methodologies are applied to
diverse medico-social datasets obtained from
the Institute of Medical Sciences, Banaras
Hindu University, demonstrating the rele-
vance of Bayesian modelling in healthcare-
oriented data analysis. Overall, the the-
sis contributes to applied Bayesian statistics
by integrating prior elicitation, advanced
regression modelling, computational refine-
ment, and medico-social applications within
a coherent inferential framework.

Statistical Modelling and
Optimal Test Plans for Highly

Reliable Products

Ankush Sharma

Mr. Ankush Sharma has submitted his Ph.D.
thesis on the above title under the supervi-
sion of Prof. Sanjeev Kumar, Department
of Statistics, Institute of Science, BHU. The
thesis presents a rigorous study of degradati-
on-based reliability modelling for highly re-
liable products operating under complex
stress environments, with emphasis on Baye-
sian inferences, uncertainty quantification,
sequential learning, and real-time reliability
prediction.

The research develops stochastic process-
based degradation models incorporating mul-
tiple stress factors and their interaction ef-
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fects, providing flexible probabilistic frame-
works for analysing degradation behaviour
when failure-time data are limited. The the-
sis further proposes optimal accelerated
degradation test plans based on D-optimality
and V-optimality criteria for improving pa-
rameter estimation and reliability prediction
while reducing testing cost and duration.

A major contribution is the development of
an online variational Bayesian framework for
sequential updating of degradation informa-
tion and prediction of Remaining Useful Life,
enabling computationally efficient real-time
monitoring and predictive maintenance in
high-dimensional settings. The work also
incorporates latent-variable modelling to ad-
dress delayed degradation initiation and het-
erogeneous degradation progression, and de-
velops a stochastic EM-based estimation

framework under multiple stress factors.

Another significant contribution is the the-
oretical investigation of hierarchical latent
variable models using double asymptotic the-
ory and Laplace approximation results for
posterior concentration, leading to informa-
tion scaling results and robust budget allo-
cation strategies.

Overall, the thesis integrates stochastic deg-
radation modelling, Bayesian inference, vari-
ational approximation, latent-variable mod-
elling, asymptotic theory, and optimal de-
sign into a unified framework for reliabil-
ity analysis, with applications in aerospace,
energy systems, electronics, and advanced
manufacturing.
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