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1. INTRODUCTION

We congratulate Professor Nikiforov for this detailed and interesting review of the current state
of quickest change detection/isolation problem. Motivated by the real applications in target detec-
tion/classification in radar, infrared, and sonar signal processing and the on-line fault diagnosis in
industrial processes, Professor Nikiforov was the first one to propose and investigate the quickest
change detection/isolation problem. In addition, he wrote one of the earliest and classical books
on quickest change detection problem, co-authored with Professor Basseville. While Professor
Nikiforov is positive and optimistic in his paper, unfortunately the subfield of quickest change
detection, or more generally, sequential methodologies, nowadays has been something of a niche
subject within the field of statistics, not well-represented in the usual statistics texts and courses.

In the following, we will first discuss our concerns of the subfield in Section 2. Then in Section
3, we focus on an extension of Professor Nikiforov’s quickest change detection/isolation problem
that we think should deserve more attentions in the near future.

2. CONCERNS ON NOTATION AND FORMULATION

It is not easy for non-experts to understand the subfield of quickest change detection or sequential
methodologies, partly because it involves sophisticated mathematical and probabilistic background
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knowledge such as stopping time. However, another reason is that we do not have a consensus on
the notation in our subfield!

To illustrate this, let us consider the definition of the change-point itself. Professor Nikiforov
first defined the change-point ν in the Introduction of his paper as the last observation in the pre-
change distribution, and later stated that the target appears at the unknown time ν + 1, see Section
5. Meanwhile, many other researchers directly defined the change-point as the first observation
in the post-change distribution, see, Lorden, 1971. Besides the notation ν, some colleagues use
other notation such as t to denote the change-point, see Poor and Hadjiliadis, 2009. In addition,
the notation of the change-point becomes worse in the problem formulation and/or the proposed
schemes. After defining the change-point as ν, Professor Nikiforov changed it to the notation k in
equations (1.1) and (1.2) when defining the CUSUM procedure, but switch it back to the notation
ν when defining the detection delay in (1.5). Here we are not criticizing Professor Nikiforov’s use
of these notation, as we and many other colleagues often do so in our papers too. We just want
to illustrate our point of confusing or inconsistent notation in our subfield. This “minor” notation
issue is not a problem to the experts in our subfield, but will prevent other researchers, especially
junior unexperienced ones, to understand and appreciate our subfield.

Another concern is how to help non-experts better understand the formulation of quickest
change detection, or more generally, sequential methodologies. We strongly recommend our sub-
field to follow the modern statistics literature to adopt the standard approach of “generative model
+ statistical inference.” As an illustration, in the simplest quickest change-point detection problem,
we observe a sequence of streaming data, X1, X2, · · · , sequentially, i.e., one at a time, and the gen-
erative model of the data is to assume that the data X1, X2, · · · are independent with distribution

Xn ∼
{

P0, if n < ν;
P1, if n ≥ ν.

Practitioners often call this as the change-point model, where the change-point ν is an unknown pa-
rameter. In the classical quickest change detection problem, the task is to sequentially test the sim-
ple, null hypothesis H0 : ν = ∞ against the composite, alternative hypothesis H1 : ν = 1, 2, · · ·
(all possible finite values), and the corresponding statistical procedure is defined as the stopping
time, which might not be understood to many (applied) statisticians. Based on our interactions
with other researchers, while all theoretical researchers in statistics or applied probability in our
subfield were clearly aware of this formulation, many applied researchers, e.g., those in statistical
process control (SPC) or (bio)surveillance, may not know it (though they often knew the CUSUM
procedure and the average run lengths very well). Hence we need to modernalize the notation and
problem formulations of our subfield to close the gap between theoretical and applied research.

3. FUTURE OPPORTUNITIES

As one of the leaders who influenced the development of the subfield of quickest change detection,
especially in the past twenty years, Professor Nikiforov reviewed his contribution and research
activities in the paper. Below we will focus on an extension of Professor Nikiforov’s quickest
multi-decision change detection/isolation problem, which we feel is one of, if not the, most impor-
tant open problems currently in our subfield.

Let us borrow the notation of slippage problem in Section 3.1 from Professor Nikiforov, and
assume that each data is a M -dimensional vector Xn = (X1,n, · · · , XM,n)

T . In the slippage prob-

2



lem, exactly one component, say, Xℓ,n, is assumed to change its distribution under the post-change
hypothesis. An important extension we think is what if an occurring event may affect an unknown
subset of the M components of Xℓ,n’s, possibly simultaneously or with some delays. A concrete
application is in biosurveillance where an infectious disease outbreak affects multiple (though not
necessarily all) cities, counties, states, countries and regions, and modern air travel can spread the
disease quickly. The objective is to detect the true change as soon as possible at the global level,
and ideally we can also identify the subset of the affected components. When the dimension M
is large or when M → ∞, we refer this as the problem of monitoring high-dimensional data or
large-scale data streams, which can also be regarded as spatial-temporal detection.

The problem of monitoring high-dimensional data and its variants highlight so many new chal-
lenges on the computational, methodological, and theoretical aspects of developing scalable statis-
tical procedures in modern information age. As an illustration, Xie and Siegmund (2013) propose
schemes for independent data based on the generalized likelihood ratios and semi-Bayesian con-
sideration, but unfortunately their proposed schemes are too computationally expensive — it took
about 1.5 hours for each Monte Carlo run of their baseline procedure under the pre-change hypoth-
esis when there are M = 100 components and the average run length to false alarm constraint is
5000. This is likely the main reason why Xie and Siegmund (2013) only reported the simulation
results based on 500 Monte Carlo runs. In Liu, Zhang and Mei (2015), inspired by the com-
putational simplicity consideration, we developed scalable global monitoring schemes by parallel
running local detection procedures for each local component and by combining these local proce-
dures together to make a global decision via SUM-shrinkage techniques. It took about 8 minutes
to finish 2500 Monte Carlo runs of our proposed scheme to find the suitable threshold to satisfy
the average run length to false alarm constraint of 5000. Our numerical experiences suggested that
while our proposed schemes are slightly worse than those of Xie and Siegmund (2013) in term of
statistical efficiency of detection delay, they are much better in term of computational efficiency.
We feel that our subfield is currently dominated by the classical formulations and approaches that
over-emphasize statistical efficiency, and we need to shift our future research activities to balance
the tradeoff between statistical efficiency and computational efficiency.

The problem of monitoring high-dimensional data has many other variants depending on real-
world applications. One such variant is considered in Liu, Mei and Shi (2015) in the context of
limited resources and partially observed data. A concrete motivating example is from manufac-
turing control process where there are M possible components/stages but we only have a small
number r < M of expensive sensors to closely monitor r individual components/stages during
manufacturing operations. We are still interested in detecting whether the process is out of control
at the global level or not, but now with a twist of proposing a sampling strategy that decides which
r of M components should be observed at each time step. There are two intuitive sampling strate-
gies. The first is to (randomly or purposely) pre-fix some components to monitor, but this strategy
might work poorly if the event affects other components. The second is the random sampling
which will randomly choose certain components to monitor each time. An obvious limitation of
random sampling is that if the monitored local components with change are not significantly large
to trigger a global alarm immediately, then it will likely switch to other components to monitor at
next time step, which deteriorates the performance. Liu, Mei and Shi (2015) proposed an adaptive
sampling strategy that can integrate these two intuitive sampling approaches in an automatic way:
it behaves like the random sampling when the system is in-control but like the pre-fixed (greedy)
sampling at the affected data streams when the system is out-of-control. The key idea in Liu, Mei
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and Shi (2015) is to combine those methods in Liu, Zhang and Mei (2015) with the missing data
technique that introduces a compensation coefficient to those unobserved components so that no
components will be left unobserved for a long period when the system is in-control.

Currently very few satisfactory theoretical results or breakthroughs are available in the gen-
eral context of (online) monitoring high-dimensional data. However, this should not prevent our
subfield from being active, and all colleagues should work together to promote our subfield collab-
oratively. Based on our experiences, many colleagues in our subfield over-emphasize the asymp-
totic optimality theorems, and we think we should encourage the publication of any contribution
(e.g., applied or methodology) that is genuinely new and can move the subject in a new direc-
tion. We thank Professor Nikiforov to promote research in our subfield as an Associate Editor of
IEEE Transactions on Information Theory, and particularly for encouraging us when handling our
methodology paper, Wang and Mei (2015). Hopefully there are more senior colleagues like him to
encourage our colleagues to publish more papers. With much research on application and method-
ology, the breakthroughs on theory will come sooner or later. To quote an old Chinese saying,
“many little drops make an ocean.” We hope that our little drop, Liu, Mei and Shi (2015), along
with other manuscripts such as Bartroff (2015) and Chan (2015), despite unpublished so far, can
stimulate more interests of our subfield of quickest change detection or sequential methodologies.
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