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Motivating data - Water Quality

(s)
(AP)

(BP)

(B)

• 8 Stations:  CB3.3C, CB4.1C, EE2.1, EE3.0, LE2.2, TF2.2, CB5.4, TF5.5

• 4 layers: S, AP, BP, B

• 12 water quality variables: Salinity (sal), Total Nitrogen (tn),…, Ammonium(nh4), 

Nitrite + Nitrate (no23)

• Measurement taken every month (1985-2016), contain missing and interval-censored data

• For each station, we have n matrices (12x4) of the form:
occasion 1 occasion n

Water Quality: dataCensored dataset contained in R package baytrends (Murphy et al. 2023*) 

*Murphy, R., E. Perry, J. Keisman, J. Harcum, and E. W. Leppo (2023). baytrends: Long Term Water Quality 
Trend Analysis. R package version 2.0.9.
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Matrix Variate Normal (MVN) Dis-
tribution



MVN Distribution

An p× q random matrix X follows an MVN distribution with mean
parameter M (p× q) and covariance matrices Σ (p× p) andΨ (q× q),
respectively, if its pdf is

ϕp×q(X|M,Σ,Ψ) =
1

(2π)pq/2|Ψ|p/2|Σ|q/2
exp

{
− 1
2 tr[Ψ−1(X −M)⊤Σ−1(X −M)]

}
.

Notation: X ∼ Np×q(M,Σ,Ψ).

Equivalent Definition:

X ∼ Np×q(M,Σ,Ψ) ⇐⇒ vec(X ) = X ∼ Npq(µ = vec(M),Λ = Ψ⊗Σ).

where Npq(µ,Λ) denotes the MN distribution, vec(·) is the vectorization
operator and ⊗ denotes the Kronecker product.

It follows from this equivalence that

E(X ) = M and Var(vec(X )) = Ψ⊗Σ.
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MVN Distribution

• From Gupta and Nagar (1999, Theorem 2.3.5 ), we have that

Crow = E[(X − E(X ))(X − E(X ))⊤] = tr(Ψ)Σ,

Ccol = E[(X − E(X ))⊤(X − E(X ))] = tr(Σ)Ψ,

where the p× p matrix Crow represents the total variability
among rows, and the q× q matrix Ccol represents the total
variability among columns.

• If {X i, i = 1, . . . ,n}, are i.i.d random matrices from
Np×q(M,Σ,Ψ), then M, Σ, and Ψ have ML estimators given by

M̂ =
1
n

n∑
i=1

X i, Ψ̂ =
1
np

n∑
i=1

(X i−M̂)⊤Σ̂
−1

(X i−M̂) and Σ̂ =
1
nq

n∑
i=1

(X i−M̂)Ψ̂
−1

(X i−M̂)⊤.

Must be computed iteratively until convergence!
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MVN Distribution

Handling non-identifiability

If Σ∗ = aΣ and Ψ∗ = a−1Ψ, then Ψ⊗Σ = Ψ∗ ⊗Σ∗, so both
estimates yield the same overall covariance matrix.

1. (Ψ)11 = (Σ)11 = 1 and add an scale parameter σ2. (Glanz and
Carvalho (2018))

2. Imposing the constraint |Ψ| = 1. (Tomarchio et al. (2021))

Some R packages: matrixNormal, MixMatrix, MatrixMixtures.
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Benefits over Vectorization

A common strategy: Vectorization of the matrix-variate data (then
use standard techniques). Here is a summary of the issues induced
by such an approach.

1. Interpretability: the identification of the two sources of
variability, governed by Σ and Ψ, would not be possible if they
were combined into a unique Λ = Ψ⊗Σ matrix. This leads to a
loss of interpretation of the data.

2. Parsimony: the number of free covariance parameters in the
matrix-variate setting is p(p+ 1)/2+ q(q+ 1)/2− 1. When
vectorizing (Λ), this number rises to pq(pq+ 1)/2, potentially
resulting in an overparameterization of the multivariate models.

3. Model selection: strictly connected to the previous problem, the
increase in the number of parameters in the multivariate setting
can introduce challenges in model selection. This is a
consequence of the increased weight assigned to the penalty
term of widely used information criteria. 8



Motivating data - Water Quality
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Histogram with Observed, Interval Censored and Missing Data from the CB5.4 Station

Dissolved Inorganic Nitrogen (DIN), Ammonium (NH4) and orthophosphorus (PO4). 9



Additional complications

• MVN distribution has been extensively investigated, but in
practice, the distribution of the response variable is not normal.

• Another complication with these kinds of data arises when
measures depart significantly from normality, for instance, high
kurtosis (due to heavy tails or outliers) or skewness.

• In the multivariate context, the multivariate skew-normal (SN)
distribution (Azallini and Dalla Valle, 1996; Arellano-Valle et al.
2005; Lin and Lee, 2008) is an appealing alternative.
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Multivariate skew normal (SN) distribution

Let W ∼ HN(0, 1), X ∼ Np(0,∆), W ⊥ X. Define

Y = µ+Wb+ X,
where µ,b ∈ Rp, and∆ ∈ Rp×p. Then the pdf of Y ∈ Rp is given by

fSN(y) = 2ϕp(y | µ, ∆ + bb⊤)Φ

(
(y− µ)⊤∆−1b
√
1 + b⊤∆−1b

)
,

= 2ϕp(y | µ,∆)
1

√
1 + b⊤∆−1b

exp

 1
2

[
(y− µ)⊤∆−1b

]2
1 + b⊤∆−1b

Φ

(
(y− µ)⊤∆−1b
√
1 + b⊤∆−1b

)
,

Notation: Y ∼ SN p(µ,∆,b). See Bolfarine, et al. (2007).

Widely used reparameterization (Arellano-Valle el al. (2005))

Y ∼ SN p(µ,Σ,λ) ⇐⇒ λ =
(∆+ bb⊤)−1/2b

[1− b⊤(∆+ bb⊤)−1b]1/2 ,Σ = ∆+bb⊤.

with PDF: ϕSN(y|µ,Σ,λ) = 2ϕp(y|µ,Σ)Φ(λ⊤Σ−1/2(y− µ)). 11



Multivariate extended SN (ESN) distribution

Let W ∼ TN1(0, 1; [−κ̃,∞)), X ∼ Np(0,∆), W ⊥ X. Define

Y = µ+Wb+ X,
where κ̃ = κ/

√
1+ λ⊤λ, Ω = ∆+ bb⊤, and b = Ω1/2λ/

√
1+ λ⊤λ..

Then the pdf of Y ∈ Rp is given by

fESN(y) =
1

Φ

(
κ

√
1 + δ2

) 1
√
1 + δ2

ϕp(y | µ,∆) exp

 1
2

(
b⊤∆−1(y− µ)

)2
1 + δ2

Φ

(
κ +

b⊤∆−1(y− µ)
√
1 + δ2

)
,

(1)

δ2 = b⊤∆−1b. Notation: Y ∼ ESN p(µ,∆,b, κ).

Equivalent Definition: See Galarza et al. (2022).

Y ∼ ESN p(µ,Ω,λ, κ) ⇐⇒ λ =
(∆+ bb⊤)−1/2b

[1− b⊤(∆+ bb⊤)−1b]1/2 ,Ω = ∆+bb⊤.

fESN(y) =
1

Φ
(
κ/

√
1+ λ⊤λ

)ϕp(y | µ,Ω) Φ
(
κ+ λ⊤Ω−1/2(y− µ)

)
,
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Papers on ESN distributition

R package available CRAN: MomTrunc: Moments of Folded and
Doubly Truncated Multivariate Distributions.
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The MVSN distribution

A random matrix Y ∈ Rp×q follows a MVSN distribution with
parameters M,A ∈ Rp×q, Σ ∈ Rp×p, and Ψ ∈ Rq×q, if it admits the
following stochastic representation:

Y = M+WA+X ,

where X ∼ Np×q(0,Σ,Ψ), W ∼ HN(0, 1) ⊥ X ; M is a location matrix;
A is a skewness matrix; and Σ and Ψ are row and column scale
matrices, respectively, both symmetric and positive definite. We
denote this as:

Y ∼ MVSNp×q(M,A,Σ,Ψ).

PDF: fMVSN(Y) =
2
τ
exp

(
d2A(Y)

2τ 2

)
ϕp×q(Y | M,Σ,Ψ)Φ

(
dA(Y)

τ

)
,

where ϕp×q(· | M,Σ,Ψ) is the pdf of the matrix-variate normal
distribution, Φ(·) is the cdf of the standard normal distribution,
τ =

√
1+ tr(Σ−1AΨ−1A⊤), and dA(Y) = tr

(
Σ−1(Y −M)Ψ−1A⊤

)
.
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Useful properties

• Equivalent Definition:

Y ∼ MVSNp×q(M,A,Σ,Ψ) ⇐⇒ vec(Y) ∼ SNpq(vec(M), vec(A),Ψ⊗Σ),

where SNpq denotes the multivariate skew-normal distribution.
• If Y ∼ MVSNp×q(M,A,Σ,Ψ), then its first two moments are

E(Y) = M+

√
2
π
A, Var(Y) = Σ⊗Ψ+ σ2WAA⊤. (2)

• If Y ∼ MVSNp×q(M,A,Σ,Ψ).

Crow = E((Y − E(Y))(Y − E(Y))⊤) = σ2WAA⊤ + tr(Ψ)Σ,

Ccol = E((Y − E(Y))⊤(Y − E(Y))) = σ2WA⊤A+ tr(Σ)Ψ,

where σ2W = 1− 2/π.
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Useful properties cont...

• If Y ∼ MVSNp×q(M,A,Σ,Ψ). Then, for any T ∈ Rp×q, the moment
generating function of Y is given by

MY(T) = 2 etr
(
TM⊤ +

1
2ΣTΨT

⊤ +
1
2TA

⊤ tr(TA⊤)
)
Φ
(
tr(TA⊤)

)
.

• If Y ∼ MVSNp×q(M,A,Σ,Ψ), Y ∈ Rp×q. Partition Y =

[
Y1
Y2

]
,

with corresponding partitions of M, A, and Σ. Let
T1 =

[
Ip1 0

]
∈ Rp1×q be the selection matrix extracting the first

p1 rows of Y . Then

U = T1Y = Y1 ∼ MVSNp1×q(M1,A1,Σ11,Ψ).
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The MVESN distribution

A random matrix Y ∈ Rp×q follows a MVESN distribution with
parameters M,A ∈ Rp×q, Σ ∈ Rp×p, and Ψ ∈ Rq×q, if it admits the
following stochastic representation:

Y = M+WA+X ,

where X ∼ Np×q(0,Σ,Ψ), W ∼ TN(0, 1; (−κ̃,∞)) ⊥ X ; κ̃ = κ/τ , with
τ 2 = 1+ vec(A)⊤∆−1 vec(A) and∆ = Ψ⊗Σ We denote this as:

Y ∼ MVESNp×q(M,A,Σ,Ψ, κ).

PDF:
fMVESN(Y) =

1
Φ(κ/τ) τ

ϕp×q(Y | M,Σ,Ψ) exp

(
1
2
dA(Y)2

τ 2

)
Φ

(
κ+

dA(Y)

τ

)
,

where ϕp×q(· | M,Σ,Ψ) is the pdf of the matrix-variate normal
distribution, Φ(·) is the cdf of the standard normal distribution, and
dA(Y) = tr

(
Σ−1(Y −M)Ψ−1A⊤

)
.
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Useful properties

• If Y ∼ MVESNp×q(M,A,Σ,Ψ, κ), then

W | Y ∼ TN
(
dA(Y)

τ 2
,
1
τ 2

; (−κ̃,∞)

)
,

• Equivalent Definition:

Y ∼ MVESNp×q(M, A,Σ,Ψ, κ) ⇐⇒ vec(Y) ∼ ESNpq(vec(M), vec(A),Ψ ⊗ Σ, κ),
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Recent papers on asymmetric matrix variate distributions
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MVSN distribution for censoring
and missing data



MVSN for censored and missing data

• Let’s consider a set of i.i.d. random matrices

Y1, . . . ,Yn
iid∼ MVSNp×q(M,A,Σ,Ψ), (3)

• The observed data for the ith subject are given by the matrices
(Vi, Ci), where Vi represents the matrix of uncensored/censored
reading and Ci is the matrix of censoring indicators, satisfying

Cikj =
{
1 if V1ijk ≤ Yijk ≤ V2ijk
0 if Yijk = V0ijk

, (4)

for all i ∈ {1, . . . ,n}, j ∈ {1, . . . ,p} and k ∈ {1, . . . , q}.
• Missing (at random) observations can be conveniently handled
by considering V1ijk = −∞ and V2ijk = +∞.

• Observed data: Ṽ = {V1, . . . ,Vi, . . . ,Vn} and C̃ = {C1, . . . , Ci, . . . , Cn}.
• (3) and (4) define the MVSN interval-censored model (MVSNC model).
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The likelihood function

For ease of likelihood computation, we use the vector representation.
Specifically, let us consider vec(Ỹ) = {y1, . . . , yi, . . . , yn},
vec(Ṽ) = {v1, . . . , vi, . . . , vn}, and vec(C̃) = {c1, . . . , ci, . . . , cn}.

The first step is to partition each subject as yi = (yo⊤i , yc⊤i )⊤, where
the superscripts o and c refer to the observed and censored parts,
respectively. Accordingly and after reordering, we have
ci = (co⊤i , cc⊤i )⊤, vi = (vo⊤i , vc⊤i )⊤, with vci = (vc1i, vc2i),

Yoi ∼ SN poi (µ
o
i ,Λ

oo
i , coci Λ

oo 1/2
i φ̃o

i ) (5)

Yci | Yoi = yoi ∼ ESN pci (µ
co
i ,Λcc.o

i ,Λ
cc.o 1/2
i φc

i , τ
co
i ) (6)
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The likelihood function

The likelihood function of θ = (M, A.Σ,Ψ), for subject i, is given by

Li(θ) = f(vc1i ≤ yci ≤ vc2i | y
o
i ,θ)f(y

o
i | θ)

= Ppci ((v
c
1i, v

c
2i) | µ

co
i ,Σcc.o

i ,Σ
cc.o 1/2
i φc

i , τ
co
i )SNpoi

(yoi | µo
i ,Σ

oo
i , coci Σ

oo 1/2
i φ̃o

i ) ≡ Li.

where

• µco
i = µc

i +Λco
i Λoo−1

i (yoi − µo
i ), Λcc.o

i = Λcc
i −Λco

i (Λoo
i )−1Λoc

i

• φ̃o
i = φo

i +Λoo−1
i Λoc

i φc
i , coci = (1+φc⊤

i Λcc.o
i φc

i )
−1/2 and τ coi =

φ̃o⊤
i (yoi − µo

i ).

µi = (µo⊤
i ,µc⊤

i )⊤ , Λi =
(Λoo

i Λoc
i

Λco
i Λcc

i

)
,

λi = (λo⊤i ,λc⊤i )⊤ and φi = (φo⊤
i ,φc⊤

i )⊤.

The likelihood function is given by L(θ) =
∏n

i=1 Li(θ). Easily computed via the R
package MomTrunc!
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The EM Algorithm for ML estima-
tion of the MVSNC



The EM Algorithm

Let θ be the parameter vector and yc = (y⊤,q⊤) be the vector of complete
data, i.e., the observed data y⊤ and the missing/censored data (or the latent
variables, depending on the situation) q⊤. The EM algorithm consists
basically of two steps: the expectation (E-step) and the maximization
(M-step).

• E-Step: Calculate the conditional expectation

Q(θ | θ̂
(k)
) = Eq

[
ℓc(θ | yc) | y, θ̂

(k)]
,

where θ̂
(k)
is the estimate of θ at the k-th iteration.

• M-Step: Update θ(k) according to

θ̂
(k+1)

= argmaxθQ(θ | θ̂
(k)
).
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Maximum likelihood (ML) estimation - EM algorithm

• θ = (M,A,Σ,Ψ);
• Y i | Wi = wi ∼ Np×q(M+ wiA, Σ, Ψ), Wi ∼ TN(0, 1, [0,+∞)),

• Augmented data: yc = {Ỹ,W, Ṽ, C̃};
• {Ỹ,W, Ṽ, C̃} ⇒ [Ỹ,W ];
• The complete log-likelihood function ℓc(θ|yc) =

∑n
i=1 ℓic(θ), with

ℓic(θ) = −
q
2
log |Σ| −

p
2
log |Ψ|

−
1
2
tr((Ψ ⊗ Σ)−1(vec(Zi) vec(Zi)

⊤ − wi(vec(Zi) vec(A)⊤ + vec(A) vec(Zi)
⊤))

−
1
2
tr((Ψ ⊗ Σ)−1(w2i vec(A) vec(A)

⊤))

with Zi = Yi − Mi, i = 1, . . . , n

Let θ = θ̂
(k)
be the current estimate at the kth step of the algorithm,

the E-step provides the conditional expectation of the complete data
log-likelihood function

Q(θ | θ̂
(k)
) = E

{
ℓc(θ) | Ṽ, C̃, θ̂

(k)
}

=
n∑
i=1

Qi(θ | θ̂
(k)
),
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The EM Algorithm

where

Qi(θ | θ̂(k)) = −q2 log |Σ| − p
2 log |Ψ| − 1

2 tr{(Ψ⊗Σ)−1∆̂(k)
i },

and the expression of ∆̂(k)
i is given by:

∆̂
(k)
i = vec(Ẑ2

i )
(k) − vec(ŵZ i)

(k)vec⊤(A) − vec(A) vec⊤(ŵZ i)
(k) + ŵ2i

(k)vec(A)vec⊤(A).

with Zi = Yi −Mi, i = 1, . . . ,n and

ŵi(k+1) = EWi,vec(Y i)(Wi | vec(Ṽi), vec(C̃i), θ̂(k)),

ŵ2i
(k+1) = EWi,vec(Y i)(W

2
i | vec(Ṽi), vec(C̃i), θ̂

(k)),

vec(ŵY i)
(k+1) = EWi,vec(Y i)(Wi vec(Y i) | vec(Ṽi), vec(C̃i), θ̂(k)),

vec(Ŷ(k+1)
i ) = EWi,vec(Y i)(vec(Y i) | vec(Ṽi), vec(C̃i), θ̂(k)),

vec(Ŷ2i)
(k+1) = EWi,vec(Y i)(vec(Y i) vec(Y i)

⊤ | vec(Ṽi), vec(C̃i), θ̂(k)),

which can be derived following the results presented in Galarza et al.
(2022) along with the Momtrunc R package.
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M step. How to obtain closed-form expressions in the M-Step?

Let B̂(k)ij be a p× q matrix such that vec(B̂(k)ij ) = L̂(k)ij . Here L̂
(k)
ij is jth column of the pq× pq lower

triangular matrix L̂(k)i , obtained from the Cholesky decomposition of the matrix

∆̂
(k)
i = vec(Ẑ2

i )
(k) − vec(ŵZ i)

(k)vec⊤(A) − vec(A) vec⊤(ŵZ i)
(k) + ŵ2i

(k)vec(A)vec⊤(A).

with Zi = Yi − Mi, i = 1, . . . , n.

Q(θ | θ̂(k)
) ∝ −

np
2

log(|Ψ|) −
nq
2

log(|Σ|) −
1
2

n∑
i=1

tr
[
(Ψ ⊗ Σ)−1L̂(k)i L̂(k)⊤i

]

= −
np
2

log(|Ψ|) −
nq
2

log(|Σ|) −
1
2

n∑
i=1

tr
[
L̂(k)⊤i (Ψ ⊗ Σ)−1L̂(k)i

]

= −
np
2

log(|Ψ|) −
nq
2

log(|Σ|) −
1
2

n∑
i=1

pq∑
j=1

[
L̂(k)⊤ij (Ψ ⊗ Σ)−1L̂(k)ij

]

= −
np
2

log(|Ψ|) −
nq
2

log(|Σ|) −
1
2

n∑
i=1

pq∑
j=1

[
vec(B̂(k)ij )⊤(Ψ ⊗ Σ)−1vec(B̂(k)ij )

]

= −
np
2

log(|Ψ|) −
nq
2

log(|Σ|) −
1
2

n∑
i=1

pq∑
j=1

tr
[
Σ

−1B̂(k)ij Ψ
−1B̂⊤(k)

ij

]
,
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The EM Algorithm - M step

In the M step, Q(θ | θ̂
(k)
) is conditionally maximized with respect to θ

and a new estimate θ̂
(k+1)

is obtained. Specifically, we have that

M̂(k+1) =
1
n

n∑
i=1

(
Yi − ŵi

(k)Â(k)
)
, (7)

Â(k+1) =
( n∑

i=1

ŵ2i
(k)
)−1 n∑

i=1

{
(ŵYi)(k) − ŵ(k+1)

i M(k)
}
. (8)

Σ̂
(k+1)

=
1
nq

n∑
i=1

pq∑
j=1

B̂(k)
ij Ψ̂

(k)
B̂(k)⊤
ij , (9)

Ψ̂
(k+1)

=
1
np

n∑
i=1

pq∑
j=1

B̂(k)⊤
ij Σ̂

(k+1)
B̂(k)
ij . (10)

Closed-form expressions!
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The EM Algorithm - M step

Note that, to satisfy the identifiability constraint |Ψ| = 1 in the
estimation process, the estimator of Ψ in (10) is then replaced by:

Ψ̂
(k+1)

=

∑n
i=1
∑pq

j=1 B̂
(k)⊤
ij Σ̂

(k+1)
B̂(k)
ij

|
∑n

i=1
∑pq

j=1 B̂
(k)⊤
ij Σ̂

(k+1)
B̂(k)
ij |1/q

. (11)

We stopped the algorithm when |ℓ(θ̂
(k+1)

|V,C)/ℓ(θ̂
(k)
|V,C)− 1| < ϵ, with

ϵ = 10−6, i.e., the algorithm stops when the relative distance between
two successive evaluations of the log-likelihood is less than the
tolerance.
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Simulation studies



Simulation study

• We simulate data from an MVSN distribution having p = 3, q = 4, and the following

parameters

M =

1.00 2.00 1.00 2.00
2.00 2.00 1.00 1.00
3.00 3.00 2.00 3.00

 , A =

−1.00 −2.00 −1.00 −2.00
2.00 −2.00 1.00 −1.00
3.00 −3.00 2.00 −3.00

 ,

Σ =

1.50 0.60 0.24
0.60 1.50 0.60
0.24 0.60 1.50

 , Ψ =


2.15 1.72 1.38 1.10
1.72 2.15 1.72 1.38
1.38 1.72 2.15 1.72
1.10 1.38 1.72 2.15

 .

• We generate s = 200 independent replications.
• Three levels for the sample size, i.e. n ∈ {100, 200, 400}.
• Three levels for censoring c ∈ {5%, 15%, 30%}.
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Simulation study - Continued

1. Only interval-censored values: For each selected value, two
numbers a and b were randomly generated from a uniform
distribution such that c ∈ (a,b), which define the lower and
upper bounds of the censoring interval.

2. Only missing values: All selected entries were substituted with
±∞.

3. Mixed (50% missing): Half of the selected entries were replaced
using item 2, and the remaining half followed item 1.
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Simulation study - Continued

1. Therefore, by combining the experimental factors (c, s, and n),
we obtain 3× 3× 3 = 27 data configurations. Note that, for each
data configuration, we generate 200 datasets, resulting in a total
of 5400 simulated datasets.

2. The estimation error for each parameter matrix, M, A, Σ, and Ψ

was measured using the Frobenius norm, defined as
∥H∥F =

(
tr(HH⊤)

)1/2, where H denotes the corresponding error
matrix in each case.

3. Comparison: After cleaning each dataset by removing the
censoring and missing observations, we fit the complete-case
MVSN model.
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Simulation Study: Parameters recovery
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Simulation Study: Parameters recovery

c: 5% c: 15% c: 30%
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Simulation Study: Parameters recovery

c: 5% c: 15% c: 30%
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Simulation Study: Parameters recovery

c: 5% c: 15% c: 30%
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Simulation Study 2: Model Selection criteria (BIC)

c: 5% c: 15% c: 30%
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In this case, data were generated from a matrix-variate normal
inverse Gaussian (MVNIG) - Gallaugher and McNicholas (2019). 39



Application



Application: dataCensored

• We consider the dataCensored dataset contained in R package
baytrends (Murphy et al., 2023).

• Attention in the station labeled as CB5.4, which exhibits
interval-censored and missing data.

• For illustrative purposes, we consider the following p = 3
variables: orthophosphorus (po4), dissolved inorganic nitrogen
(din), and ammonium (nh4). These variables present the highest
levels of interval-censored and missing values in the dataset

• Specifically, po4 has 14.93% of missing values and 1.60% of
interval-censored values, totaling 16.56%. For din, the
proportions are 13.11% missing and 0.94% interval-censored,
resulting in a total of 14.05%. For nh4 shows proportions of
7.80% missing and 0.72% interval-censored values, totaling 8.52%.

• The resulting 3× 4 matrices are then evaluated on n = 452
occasions.



Application: dataCensored

The estimated mean matrix is:
L̂M

S AP BP B
PO4 0.002 0.003 0.008 0.013
DIN 0.122 0.116 0.125 0.129
NH4 0.017 0.025 0.054 0.082


• We observe a rise in the average values of both po4 and nh4 as
they are assessed from the surface to the bottom.

• This trend could indicate that these substances are either being
produced or accumulating at lower depths (Biological
interpretation in organic decomposition).

• For din, the trend is similar, with the exception that its mean
values decrease when moving from the surface to above the
pycnocline (S⇒ AP). The pycnocline is a layer of rapidly
changing density with depth in the ocean.
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Application: dataCensored

The correlation matrix R(·), related to the total variance by rows Σ.
R̂(Ĉ

row
)

PO4 DIN NH4

PO4 1.000 0.394 0.577
DIN 0.394 1.000 0.522
NH4 0.577 0.522 1.000


• There is a positive correlation between all the variables.
• po4 and nh4 are commonly associated with the decomposition
of organic matter and wastewater discharge, and can explain the
positive correlation.

• For the correlation between din and nh4, the positive value
implies that elevated ammonium levels may lead to increased
microbial activity, consequently giving rise to the production of
various forms of dissolved inorganic nitrogen.
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Application: dataCensored

The correlation matrix R(·), related to the total variance by columns
Ψ.

R̂(Ĉ
column

)
S AP BP B

S 1.000 0.854 0.474 0.357
AP 0.854 1.000 0.571 0.442
BP 0.474 0.571 1.000 0.824
B 0.357 0.442 0.824 1.000


• We note that the correlations suggest varying degrees of
influence and connection between measurements at different
depths.

• Surface conditions (S) seem to strongly influence conditions just
above the pycnocline (AP), and to a lesser extent, conditions
below the pycnocline (BP) and at the bottom (B).
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Application: dataCensored

Skewness/Shape matrix.

Â
S AP BP B

PO4 0.0002 0.0002 −0.0001 0.0008
DIN 0.0832 0.0731 0.0617 0.0554
NH4 0.0042 0.0080 0.0148 0.0275


• The skewness values for PO4 are close to zero and include a
small negative entry at the BP layer (−0.0001), indicating that
phosphate concentrations are nearly symmetric and stable
across depths, without pronounced deviations from normality.
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Concluding remarks



Conclusions

• The current literature on matrix-variate Models lack statistical
approaches that simultaneously address skewness, missingness,
and censoring.

• We introduce a novel approach for modeling data with
interval-censored and missing values within a convenient
skew-normal matrix-variate framework.

• A novel EM algorithm for obtaining ML estimates is developed by
exploiting the statistical properties of matrix-variate
skew-normal distributions.

• The experimental results and analysis of a real dataset support
the usefulness and effectiveness of our proposal.

• The approach presented in this paper has the potential for
extension in various directions. For instance, regression settings,
model-based clustering, and skew-heavy-tailed matrix-variate
distributions, such as the matrix-variate skew-t distribution.
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