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Comment on Article by Paganin et al.*

Isadora Antoniano-Villalobos � Cristiano Villa � and Sara Wade§,

We congratulate the authors on a well written article containing innovative ideas and
a compelling application. The authors propose to incorporate subjective prior informa-
tion on the clustering structure by defining a centred partition process. The proposed
family of processes combines well known priors for partitions (specifically exchangeable
partition probability functions, EPPFs) with a measure of discrepancy from an initial
partition c0, summarizing prior belief.

While it may be difficult to subjectively elicit c0 for large sample sizes, one limitation
of the proposed methodology is that the prior calibration strategy is computationally
expensive and therefore limited to small sample sizes. It also becomes too expensive to
include hyperpriors on key parameters of the EPPF, such as the concentration parameter
α of the Dirichlet process, which controls the number of clusters.

We discuss a simple, alternative idea to include the prior clustering information.
Specifically, we include the initial partition c0 as a covariate, through dependent Dirich-
let processes (e.g. MacEachern, 2000; Dunson and Park, 2008; Griffin and Steel, 2006;
Rodriguez and Dunson, 2011) or more generally, dependent normalized random mea-
sures (e.g. Griffin and Leisen, 2017; Chen et al., 2013; Lijoi et al., 2014; Griffin et al.,
2013). In this case, we view c0 as a categorical covariate, with each element c0,i indi-
cating the cluster allocation of the ith data point in the initial partition. For example,
we focus on the dependent normalized weights model proposed in Antoniano-Villalobos
et al. (2014) and define:

p(ci = j|c0,w,p) =
wjCat(c0,i|pj)∑∞

j′=1 wj′Cat(c0,i|pj′)
=

wjpj,c0,i∑∞
j′=1 wj′pj′,c0,i

,

where w = (w1, w2, . . .) and p = (p1,p2, . . .) are the parameters defining the dependent
weights. Specifically, we can assume w follow a stick-breaking construction with mass
parameter α, and the pj = (pj,1, . . . , pj,k0

) are iid with pj ∼ Dir(β/k0, . . . , β/k0).

In this construction, we can study the following limiting cases. On one hand, if
β →∞, then

pj → (1/k0, . . . , 1/k0)

with probability one. Thus, the prior on the partition c converges to the EPPF induced
by the DP with mass parameter α. On the other hand, if β → 0, then base measure on pj
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converges to a uniform discrete distribution over the vertices of the simplex. Moreover,
when α→ 0 and β → 0, c = c0 with probability one.

While not as intuitive as the centred partition process, which includes a parameter
ψ to control the tradeoff between the EPPF and subjective information, it is possible
to fix the value of α to reflect prior belief in the number of clusters and β to reflect
the strength of belief in c0. Moreover, an advantage of this alternative approach is the
ability to place hyperpriors on α and β, thus avoiding the calibration issues and making
the method more robust to misspecification. This also helps to scale to larger sample
sizes.

We highlight an additional advantage of this alternative approach is the ability to
simulate from the prior by using a reasonable computable truncation for the mixture
weights. This can be exploited to investigate prior sensitivity, callibration or elicita-
tion. Furthermore, prediction for new observations could incorporate prior information
regarding clustering, without requiring a recalibration of the prior and subsequent re-
calculation of the posterior.
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