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Here, we provide the Gibbs Algorithm described in Section 3.4. We also present
the image plots of the comparison between our proposal and other classical hypothesis

tests of Section 4.2.

1 Appendix

Gibbs Algorithm:
We construct a Gibbs sampler algorithm with slice sampling steps as in Kalli et al.
(2011) and Walker (2007) in oder to overcome the infinite-dimensionality inherent to

the dependent Dirichlet process. Let the random density fp, be defined as

fr.(y) = /<b (ylp, 0?) Po(dp, do®).
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We consider an augmented model given by

fr.(y,u,s) = u < ws)o(y | 05), (1)

where 6 = (u,0?), s denotes the allocation variable of y and u is a uniform random

variate on (0,ws). Hence, the augmented likelihood can be written as

v@ Y7u S H HH Uk, < Wsp. i ¢(yk‘,i | 08k,¢)> (2)

keD i=1

where D = {c,1,...,p}. The main variables that need to be sampled at each step of
the Gibbs algorithm are {w;,8;,j =1,..., N}, s;; and uy; for k€ Dandi=1,...,n
Here, N := maxy;{ Ny} with N ; being the largest integer sy ; for which {u; < ws, ,},

which is equivalent to find an Nj; such that Zé\i‘l we > 1 —up.

Updating the locations:

For the locations we have the following general posterior:
w0 .o fo@) I Sl 165),
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where f;(6;) is given by the spike and slab priors of Section 3.2. Thus, given « we have:
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, X; = (1, ex,), where ey, is a row vector of dimension p with a 1 in the position k

indicating the population membership, u, = (0,0...,0)" and

€S

es™M

657}’

° <U+ | > ~ Gamma(o?c,j,j\c,j) and (% | ) ~ Gamma(o?kﬁj,:\k’j), k € D,
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Updating the weights:
m(v; | ...) o Beta(v; | aj,b;)



where a; = 1405 D> 0% Lig=i), b5 = K+ D pep D oity L(symi) and wj = v [, ,(1 -

vj).

Updating the membership and slice latent variables:

The full conditional distributions for the membership and slice latent variables are

given by
W(Sk,i =/ ‘ .. ) XX Qﬁ(ykﬂ | 9@)1<{£ Wy > Ujk’z}) (3)
and
m(ug | --.) = Unif(ug,; O,wsk’i) (4)
respectively.

Updating others hyper-parameters:
Finally, the total mass parameter s is updated as in Escobar and West (1995) as-

suming a gamma prior Ga(ay, az).

Updating :
The updating of v was performed using an independent Metropolis-Hastings step, where

the acceptance probabilities were proportional to:
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2 Results of multiple and two samples classical tests

Image plots of the comparison of the BNP test with the multiple and two-sample
classical tests. Figure 1 show the results for the BNP test. Figures 2 to 4 show the
results for Dunnett, Nemenyi-Damico-Wolfe and Gao’s tests for each scenario described
in Section 4 of the manuscript. Likewise, Figures 5 to 7 show the results for the Welch’s
t-test, Levene and Wilcoxon and Figure 8 shows the results of the Kolmogorov-Smirnov
test. The figures show number of times that each test selected each model in the 100
replications of the Monte Carlo study. Value 0 is represented by black, while 100 is
represented by white in the grayscale. The ideal methods concentrate the white color

on the main diagonal.
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Figure 1: Number of times that the BNP test selected each model. The correctly identified
hypotheses are represented in the main diagonal.

Dunnett
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Figure 2: Number of times that the Dunnett test selected each model.



Nemenyi

I=2,n=50
000 000
_ _ 100 _ 100
% % 010 % 010
2 2 oo1 2 ooL
2 g 110 2 110
g 2 101 2 101
011 011
111 111
000 000
_ _ 100 _ 100
3 g o010 g oo
] S oo1 S oo1
2 e 110 2 110
g 2 101 2 101
011 011
111 111
2 9o oo o o
ISERSTR= =T R ==
s =2 932358 3
Model Estimate Model Estimate Model Estimate
I=1,n=300 I=2,n=300 I=3,n=300
000 000
_ _ 100 _ 100
% g 010 § 010
g £ oot S oo1
[ g 110 ) 110
g 2 101 2 101
011 011
111 111
Model Estimate Model Estimate Model Estimate

Figure 3: Number of times that the Nemenyi-Damico-Wolfe test selected each model.

Gao
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Figure 4: Number of times that the Gao test selected each model.
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Figure 5: Number of times that the Welch t-test selected each model.

Levene
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Figure 6: Number of times that the Levene test selected each model.



Wilcoxon
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Figure 7: Number of times that the Wilcoxon test selected each model.

Kolmorov-Smirnov
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Figure 8: Number of times that the Kolmogorov-Smirnov test selected each model.



