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This paper presents a novel method that combines coupled hidden Markov models (HMM) and non- 

Gaussian mixture models based on independent component analyzer mixture models (ICAMM). The pro- 

posed method models the joint behavior of a number of synchronized sequential independent component 

analyzer mixture models (SICAMM), thus we have named it generalized SICAMM (G-SICAMM). The gen- 

eralization allows for flexible estimation of complex data densities, subspace classification, blind source 

separation, and accurate modeling of both local and global dynamic interactions. In this work, the struc- 

tured result obtained by G-SICAMM was used in two ways: classification and interpretation. Classification 

performance was tested on an extensive number of simulations and a set of real electroencephalograms 

(EEG) from epileptic patients performing neuropsychological tests. G-SICAMM outperformed the follow- 

ing competitive methods: Gaussian mixture models, HMM, Coupled HMM, ICAMM, SICAMM, and a long 

short-term memory (LSTM) recurrent neural network. As for interpretation, the structured result returned 

by G-SICAMM on EEGs was mapped back onto the scalp, providing a set of brain activations. These ac- 

tivations were consistent with the physiological areas activated during the tests, thus proving the ability 

of the method to deal with different kind of data densities and changing non-stationary and non-linear 

brain dynamics. 

© 2019 Elsevier Ltd. All rights reserved. 
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1. Introduction 

1.1. Background 

In a simple pattern recognition statement, a given unknown

state must be determined from a vector of observations. This

evolves towards more complex settings where a sequence of states

must be estimated considering not only the observed data but also

the state dynamics (dependence among states at different times).

Hidden Markov models (HMM, [1] ) is by far the most popular ap-

proach to estimate hidden sequential states from observed data.

This is due to its reasonable simplicity in conjunction with good

capability to capture local state dynamics (dependences between

the states corresponding to consecutive time instant). 

On the other hand, observed data and states are related by the

conditional probability density function (pdf). The usual assump-

tion is that the conditional pdf is multivariate Gaussian, because

the model parameters can be efficiently estimated. This implies

that the unconditional pdf of the observed data fits a Gaussian

mixture model where every component of the mixture is the state

conditional pdf. But Gaussianity relates to linearity which is not
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 reasonable assumption in many real life problems. Some exam-

les where non-linearity in the probability has been considered

re: action recognition via sparse Gaussian processes [2] ; modeling

rowth dynamics using unscented Kalman filters [3] ; an extended

alman filter augmented with local searches [4] ; and modeling the

ata using a two-step method with fuzzy clustering and Gaussian

ixture models (GMM) [5] . Some particular non-Gaussian condi-

ional probabilities have been proposed in HMMs in applications

uch as handwritten word recognition [6] and biological sequence

nalysis [7] . 

A general extension of GMM to non-Gaussian mixtures is based

n the concept of independent component analyzers (ICA). Briefly,

CA is a blind source separation technique that separates a set of

bservations into a group of non-Gaussian and statistically inde-

endent sources [8,9] . We can model every conditional probabil-

ty as an ICA and then the unconditional probability of the data

ill be an ICA mixture model (ICAMM) [10] . In ICAMM, the source

odel is assumed to have several hidden states, and the data from

ach state are modeled by a different ICA. A general implemen-

ation of ICAMM included non-parametric source estimation and

emi-supervised learning [11–13] . In [14,15] , ICAMM was proposed

o model the conditional pdfs in a HMM, the method was called

equential ICA mixture models (SICAMM). ICA mixture emission

istribution in each hidden state was assumed. 

https://doi.org/10.1016/j.patcog.2019.04.022
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patcog
http://crossmark.crossref.org/dialog/?doi=10.1016/j.patcog.2019.04.022&domain=pdf
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.2. Motivation and paper organization 

The main contribution of the paper is the generalization of

ICAMM to multiple coupled HMM, that we will call generalized

ICAMM (G-SICAMM). Use of multiple coupled HMM is a more ef-

cient way to deal with the observed data when they come from

ifferent channels. This may happen when we want to combine

ata from different modalities and/or data captured from differ-

nt sensors. It is true that we could combine the observed data

ectors of the different channels in just one data vector. However,

otice that the number of model parameters to be estimated in-

reases very significantly. Thus, for example, let us consider 2 cou-

led HMM, where the dimension of the observation vectors is M .

n SICAMM we have to estimate a mixing matrix of dimension

 M × 2 M , a total of 4 M 

2 parameters, while in G-SICAMM we have

o estimate two mixing matrices of dimension M × M , a total of

 M 

2 parameters. 

There are precedents of using coupled HMM (CHMM). CHMM is

 state of the art method for dynamic modeling that has been im-

lemented in Bayesian networks using GMM [16] . It has been used

n several pattern recognition applications, such as modeling intra-

odal dependences in multimodal data for video-realistic speech

nimation [17] and sign language recognition [18] . In contrast

ith GMM-based methods, the non-Gaussianity of the sources ex-

racted by G-SICAMM allows for source identification and facil-

tates their interpretation and association with meaningful vari-

bles of real applications. G-SICAMM is suitable for a myriad of

cenarios where local interaction dynamics have to be modeled

hile preserving global relationships between the variables. This

ondition is inherent to several problems where topological and/or

unctional setups determine the requirement of partitioning in sev-

ral Markov chains. Depending on the application, the partition

ould be related with physical components, sensor spatial loca-

ions, or data modalities. Therefore, G-SICAMM allows for decom-

osition of a particular phenomenon for subspace analyses, bear-

ng in mind physical model understanding and/or data mining ex-

loitation. With an adequate preprocessing of the observations, G-

ICAMM can be used in any classification or pattern recognition

roblem. It would be potentially useful when the objective is to

nalyze long term non-stationary processes with nonlinearities and

emporal dependence. 

All in all, from a motivation perspective, it can be concluded

hat realizing the inner structure of the observed data emanating

rom the multichannel setting makes G-SICAMM a more efficient

ethod to deal with a limited amount of data for both training

nd testing in comparison with one channel methods like SICAMM

r HMM. It is also more versatile than other coupled methods like

HMM, as non-Gaussian modelling is possible. Finally, the inherent

CA structure of G-SICAMM may lead to a better interpretation of

he results by analyzing the estimated independent sources that

re originating the data. 

We have considered the following competitive methods for

omparison: GMM, HMM (GMM for the observations pdf), CHMM

GMM for the observations pdf), ICAMM, SICAMM, and long short-

erm memory (LSTM) recurrent neural networks [19,20] . An ex-

ensive number of simulations to evaluate the dynamic modeling

erformance were made. The results demonstrated the capabilities

f G-SICAMM to exploit the sequential dependence of successive

tates in the same Markov chain and the temporal dependence

f the global state among multiple Markov chain interactions. A

eal application consisting of classification of stages of neuropsy-

hological tests using electroencephalographic (EEG) signals was

lso considered. Two tests with different kinds of stimuli were im-

lemented: the visual memory Barcelona Neuropsychological Test

TB) [21] and TAVEC [22] , an auditory working memory test. Those

ests were being performed by epileptic patients as part of their
linical diagnosis. The classification results of G-SICAMM outper-

ormed those of all the other competitive methods in terms of

he balanced error rate (BER) and the recall measured by Cohen’s

appa coefficient [23] . Furthermore, patterns of physiological sig-

ificance were obtained in the parameters of G-SICAMM. 

The rest of the paper is composed by the following parts.

ection 2 reviews the background of SICAMM; Section 3 in-

ludes the development of the proposed G-SICAMM method;

ection 4 contains the explanations of the simulations; Section 5 is

evoted to the real application; and finally, Section 6 includes dis-

ussion, conclusion, and future lines of research derived from this

ork. 

. Sequential ICA mixtures 

We will use matrix notation for the variables defined in this

ork. For clarity of notation, we will denote random variables and

heir realizations with the same symbols, and the difference be-

ween both can be deduced from context. 

.1. Independent component analyzers 

Let us assume that we have a set of N observations, x ( n ), n =
 . . . N. For simplicity, we will assume that these observations are

entered. Independent component analyzers ( [8] ) search simulta-

eously for a mixing matrix A and a set of independent sources

 ( n ) such that 

 ( n ) = A · s ( n ) (1) 

A is a matrix of size [ M × R ], where R is the number of ex-

racted sources at each time instant and M is the number of

ariables of the observations. For simplicity, we will assume that

 = M and that A can be inverted to find the demixing matrix,

 = A 

−1 . Thus, the sources can be estimated from the observa-

ions as s (n ) = W · x (n ) , and individual sources can be estimated

s s m 

(n ) = w m 

T · x (n ) , where w m 

T is the m th row of W , 1 ≤ m ≤ M .

ue to the independence consideration of ICA, the multivariate

robability density function of the observations can be obtained

s a product of one-dimensional pdfs: 

p ( x ( n ) ) = | W | ·
M ∏ 

m =1 

p s m ( s m 

( n ) ) (2) 

here p s m () is the marginal density of the m th source. 

The use of ICA mixture models (ICAMM) was first proposed in

10] , which considered a source model switching between Lapla-

ian and bimodal densities. ICAMM considers a mixture of K sepa-

ate ICA models, each with its own mixing matrix A k , sources s k ( n ),

nd center, b k , k = 1 . . . K. It is a switching model, so that, if the

 th observation belongs to state k (i.e., c(n ) = k ), the data can be

xpressed as 

 ( n ) = A k · s k ( n ) + b k (3) 

This model increases the flexibility of ICA, because sources

re independent from other sources in the same state, but they

an have any dependence with sources from different states. Fur-

hermore, each state can be centered around different values. In

ssence, A k and s k ( n ) determine the shape of the "cluster" of points

uring state k , and b k determines its center. Given the switch-

ng model, the pdf of each observation is estimated as p( x ( n ) ) =
 K 
k =1 p( x ( n ) | c( n ) = k ) · p(k ) , with p ( k ) being the prior probability

f state k and 

p( x ( n ) | c( n ) = k ) = | det W k | · p s k ( s k ( n ) ) 

= | det W k | ·
M ∏ 

m =1 

p s k,m 

(
s k,m 

( n ) 
)

(4) 
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where s k,m 

(n ) = w k,m 

T ( x (n ) − b k ) is the estimate of the m th

source at time n , given the model was in state k . 

2.2. Sequential ICA mixture model 

In the case of ICAMM, the likelihood of the data is usually

obtained assuming there is no time dependence in the observa-

tions nor between states. This assumption simplifies the calcula-

tion of the probabilities involved in the process, since in that case

the likelihood becomes p( x (1) . . . x (N) ) = 

∏ N 
n =1 p( x (n ) ) . However,

there are many practical cases where the observations do not be-

have in a totally independent manner and instead show some de-

gree of time dependence in the feature observation record. 

This dependence is considered in sequential ICAMM (SICAMM)

[14,15] . SICAMM is a hidden Markov model (HMM) whose state

emissions are modeled as a non-Gaussian mixture using ICA.

Therefore, the probability of emitting any given observation x ( n ),

while the model is at state k , is the same p( x ( n ) | c( n ) = k ) shown

in (4) . 

Since each state of the HMM considers a different ICA model,

this is, basically, a switching model between different ICAs that in-

corporate sequential dependence. Thus, SICAMM integrates HMM

and ICAMM into a single model. Given the HMM and the emission

probabilities in (4) , the likelihood of the data can be expressed it-

eratively, e.g., using classical methods for HMM such as forward-

backward (Baum-Welch) and Viterbi [15] . 

3. Generalized sequential ICAMM (G-SICAMM) 

In this paper, we propose a general framework to character-

ize the joint behavior of several synchronized SICAMM models,

which we have called generalized sequential ICAMM (G-SICAMM).

The degrees of freedom of G-SICAMM allow it to accurately model

complex local non-Gaussian probability densities and consider

time dependencies, without losing global modeling capabilities. It

is known that ICA can produce not only a valid statistical model

of the data, but also sources with physical or physiological mean-

ing. Examples of this are the extraction of physiologically signif-

icant patterns for EEG data [24] , the extraction of atrial rhythms

during heart fibrillation [25] , the removal of physiological artifacts

from the EEG signal [26] , and the similarities between ICA and im-

age processing in the visual cortex [27] . This capability is inherited

by the proposed method. Unlike models that are purely statisti-

cal in nature, G-SICAMM can obtain a representation of the data

that reflects both their pdf and their underlying generating model.

Therefore, the parameters of G-SICAMM could be related with the

analyzed physical phenomenon. 

G-SICAMM assumes that the observations can be divided into

several groups or "chains" of data that behave more or less inde-

pendently, but whose hidden states are related. There are several

possible reasons for this separation, such as: i) the data come from

several related, but independently measured, sources (e.g., two dif-

ferent biosignals, such as EEG and ECG [28] ); ii) we are interested

in isolating the contribution of different input variables. In this

work, we will assume the latter, and keep the former for a future

work. 

In the same way as SICAMM, which integrates HMM and

ICAMM, G-SICAMM is a combination of coupled hidden Markov

models (CHMM, [16] ) and ICA mixture models. G-SICAMM is a

CHMM whose emissions are modeled as non-Gaussian mixtures

using ICA. Since the emissions of each state of the CHMM are

modeled using a different ICA model, G-SICAMM is essentially a

synchronized switching model between different ICAs across dif-

ferent chains. Fig. 1 c illustrates the dependencies considered in G-

SICAMM. ICAMM has no temporal dependencies (see Fig. 1 a), and

SICAMM only has temporal dependence within the same model
see Fig. 1 b). In G-SICAMM (see Fig. 1 c), the state of each model

t time n depends on the state of all models at the previous time

nstant, n - 1. We have considered a fully-coupled model in order

o enable asymmetrical and complex dependencies to be modeled.

owever, other architectures similar to those of factorial HMM

29] or hierarchical HMM [30] could be implemented. Furthermore,

e extend the Markov assumption from each individual chain to

he joint sets. 

Before tackling the model itself, we will define several nota-

ions which will ease the theoretical development of G-SICAMM.

et us assume that the data are split into L chains. We will de-

ote the parameters of the l th chain with an 

( l ) superscript, l =
 . . . L . The observation from the l th chain at time n is denoted by

 

( l ) ( n ), and it is a random vector of size M 

( l ) . The set of observa-

ions from all chains at time n is denoted by random column vec-

or x (n ) = [ x (1) (n ) T , x (2) (n ) T , . . . , x (L ) (n ) T ] T . Each chain is assumed

o have been modeled by an ICAMM with K 

( l ) states whose pa-

ameters are: W k 
( l ) , s k 

( l ) ( n ), b k 
( l ) , k = 1 . . . K 

(l) . Finally, we define

he random state vector c (n ) = [ c (1) (n ) , c (2) (n ) . . . , c (L ) (n ) ] T , which

ontains the state of each one of the L chains at time n , with

 ≤ c ( l ) ( n ) ≤ K 

( l ) . Realizations of the state vector will be denoted by

 = [ k (1) , k (2) , . . . , k (L ) ] T , and the transition probability between the

ombinations of states k and k 

′ , p( c ( n ) = k 

′ | c ( n − 1 ) = k ) , is de-

oted by π
kk ′ . The prior probability of the combination of states k

s denoted by p ( k ). Finally, in order to simplify the model, the con-

itional independence of the data is extended from single chains

o the whole G-SICAMM chain structure, i.e., p( x ( n ) | c ( n ) = k ) =
 L 
l=1 p( x (l) (n ) | c (l) (n ) = k (l) ) . 

In practice, the G-SICAMM parameters are not known before-

and, and they have to be estimated from training data. The esti-

ation algorithm depends on the kind of data available for train-

ng. For unsupervised or semi-supervised data (i.e., data whose

idden states are only partly known), all parameters should be es-

imated simultaneously. In the case of supervised training (i.e., the

idden states of the training data are known), the estimation of

he ICAMM parameters can be performed separately for each state

nd for each chain, and separately from the estimation of the tran-

ition probabilities. In the following, we will only consider super-

ised training. 

The transition probabilities π
kk ′ are estimated by counting: 

kk ′ = 

# transitions from combination k 

′ to combination k 

# samples in combination k 

′ (5)

This is a maximum likelihood estimator of the transition prob-

bilities, and it is consistent and unbiased. The variance of the es-

imation depends on the value of πkk ′ , and it is higher for val-

es close to 0.5. The variance of the estimation in this work will

e very small, considering that the estimator is consistent and

he number of known labels is large ( ∼500 observations). The

rior probability of each combination of states is also estimated

y counting, 

p ( k ) = 

# samples in combination k 

# samples in any combination 

(6)

Since we know the hidden states, the centroids b 

(l) 
k 

are esti-

ated empirically. Assuming that N observations are available for

raining: 

 k 
( l ) = 

∑ N 
n =1 δ

( l ) 
k 

( n ) x 

( l ) ( n ) ∑ N 
n =1 δ

( l ) 
k 

( n ) 
(7)

here δ(l) 
k 

(n ) is an indicator function whose value is 1 when

 

(l) (n ) = k and 0 otherwise. Given these centroids and the known

idden states, the ICA matrices and the sources of each state and

ach chain can be calculated using any conventional ICAMM esti-
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Fig. 1. Comparison of the different dependencies considered in: a) ICA mixture models; b) sequential ICA mixture models; c) generalized sequential ICA mixture models. 

Square blocks represent the hidden states, round blocks represent the parameters of the emissions, and arrows show dependence between blocks. The (l) superindex in c) 

denote the parameters of the l th chain: their definition is otherwise identical to those in Section II. 
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ation algorithms (e.g., [10,11] ), in such a way that 

 

( l ) 
k 

( n ) = W 

( l ) 
k 

(
x 

( l ) ( n ) − b 

( l ) 
k 

)
∀ n/ c ( l ) ( n ) = k (8)

s (l) 
k 

(n ) is only defined for cases where c (l) (n ) = k , and is un-

efined elsewhere. As seen in (7) and (8) , the ICA parameters of

he l th chain (i.e., W k (l) 
(l) 

, p( s k (l) 
(l) ) , b k (l) 

(l) 
, k (l) = 1 , . . . , K 

(l) ) are

ndependent from the data and states in other chains, and from

he parameters of other states in the same chain. This is due to

he de-coupling obtained by using supervised training, and a semi-

upervised method would have to consider cross-dependencies. 

Once the G-SICAMM parameters have been trained, classifica-

ion can be performed using any method, e.g., by maximum likeli-

ood or the forward-backward method [31] . In this case, we will

ssume Viterbi decoding, which can obtain the optimal (in the

ense of maximum likelihood) solution to the sequence of hidden

tates [32] . Briefly, Viterbi decoding is a dynamic programming al-

orithm which searches the most likely sequence of hidden states

or a set of N observations. This maximization is performed recur-

ively using an auxiliary variable: 

 k ( n ) = p ( x ( n ) | c ( n ) = k ) · max ︸︷︷︸ 
k ′ 

( πkk ′ · v k ′ ( n − 1 ) ) (9) 

The values v k ( n ) are calculated iteratively, with the initial

alue being v k (1) = p( x (1) | c (1) = k ) · p(k ) . Given the proposed G-

ICAMM model, p( x ( n ) | c ( n ) = k ) is calculated as 

p ( x ( n ) | c ( n ) = k ) = 

L ∏ 

l=1 

∣∣det 
(
W k l 

( l ) 
)∣∣·

·
M 

( l ) ∏ 

m =1 

p s 

((
w k l ,m 

( l ) 
)T ·

(
x 

( l ) ( n ) − b k l 
( l ) 

))
(10) 

Once all v k ( N ) have been calculated, the algorithm selects the

ombination of states with maximum v k ( N ), k N = max ︸︷︷︸ 
k 

v k (N) , and

eturns the associated “path” or sequence of states k 1 , . . . , k N−1 , k N 

s the estimated classification of the sequence of observations. 
Both the training and the classification algorithms are shown in

able 1 . The parameters of G-SICAMM are the ICAMM parameters

f each chain (i.e., W k (l) 
(l) 

, p( s k (l) 
(l) ) , b k (l) 

(l) 
, k (l) = 1 , . . . , K 

(l) , l =
 , . . . , L ), the transition probabilities between every pair of com-

inations of states, πkk ′ ∀ k , k 

′ , and the priors of each combination

f states, p ( k ). 

. Simulations 

The classification performance of G-SICAMM was measured by

everal Monte Carlo experiments on simulated data. The follow-

ng methods were considered for comparison: GMM; ICA mix-

ure models (ICAMM); continuous HMM whose emissions were

odeled using GMM (HMM); continuous HMM whose emissions

ere modeled using ICA (SICAMM); continuous coupled HMM

hose emissions were modeled using GMM (CHMM); long short-

erm memory (LSTM) recurrent neural networks; and the proposed

ethod, G-SICAMM. We considered three simulated experiments:

i) determining the behavior of G-SICAMM with respect to time de-

endencies within the same chain ( Section 4 .C.1); (ii) determining

he behavior of G-SICAMM with respect to time dependencies be-

ween different chains ( Section 4 .C.2); and (iii) a sensitivity analy-

is to test the behavior of G-SICAMM with respect to the number

f chains, L ( Section 4 .D). 

.1. Model parameter initialization 

The simulated data were obtained from a G-SICAMM

ith two chains ( L = 2 ) , two hidden states in each chain

( K 

(1) = K 

(2) = 2 ) , and observations of dimension four in both

hains ( M 

(1) = M 

(2) = 4 ) . The parameters of the model were

nitialized as follows: 

• The demixing matrices for each state and each chain, W k l 

(l) ,

were randomly initialized using values drawn from a uniform

distribution in the range [0, 1]. 
• The centroids were set relatively close, b 1 

(1) = b 1 
(2) =

[ 1 , 1 , 1 , 1 ] T and b 

(1) = b 

(2) = [ 1 . 5 , 1 . 5 , 1 . 5 , 1 . 5 ] T . 
1 1 
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Table 1 

The G-SICAMM algorithm. 

TRAINING 

Given a set of data x ( n ) and known states c ( n ), n = 1 . . . N TRAIN 

Estimate the transition probabilities, πkk 
′ , using (5) 

Estimate the prior probabilities, p ( k ), using (6) 

For each chain l = 1 . . . L 

For each state k = 1 . . . K (l) 

Estimate the centroid b (l) 
k 

using (7) 

Jointly estimate the demixing matrices W 

(l) 
k 

and the sources s (l) 
k 

using an embedded ICA method, e.g., [10, 11] 

CLASSIFICATION 

Given a set of data x ( n ), n = 1 . . . N TEST 

Estimate p( x ( 1) | c ( 1) = k ) for all k using (10) 

Initialize νk (1) = p( x (1) | c (1) = k ) · p(k ) 

For each observation n = 1 . . . N TEST − 1 

Estimate p( x ( n ) | c ( n ) = k ) for all k using (10) 

Update νk ( n ) using (9) 

Estimate k N TEST 
by maximizing νk ( N TEST ) 

For each observation n = N TEST − 1 . . . 1 

Select the observation that follows the path that ends in k N TEST 
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• The sources followed a non-Gaussian (uniform) distribution

with zero mean and unit standard deviation. 
• In order to set the amount of time dependence in the data, the

transition probabilities of both chains were obtained using the

following conditional transition probabilities: 

If the other chain was in state 1 at time n − 1 

π11 
( l ) ( n ) = π22 

( l ) ( n ) = α
π12 

( l ) ( n ) = π21 
( l ) ( n ) = 1 − α

If the other chain was in state 2 at time n − 1 

π11 
( l ) ( n ) = π22 

( l ) ( n ) = α − β
π12 

( l ) ( n ) = π21 
( l ) ( n ) = 1 − ( α − β) 

(11)

where 0 ≤α ≤ 1 and α − 1 ≤ β ≤ α, l = 1 , 2 . α and β are two

parameters which allow us to regulate the sequential depen-

dence in the data. α is the intra-chain dependence parameter,

since it sets the time dependence of each chain with respect

to past values of the same chain. Conversely, β is the inter-

chain dependence parameter, since it sets the time dependence

of each chain with respect to past values of the other chain.

If β = 0 , the transition probabilities of each chain are indepen-

dent from those of the other chain; furthermore, if β = 0 , α =
0 . 5 there is no time dependence. The transition probabilities

between combinations of states, πk k ′ , are calculated from those

in (11) using results from probability theory. 

These values were selected in order to obtain a model that was

simple, yet informative enough to show the behavior of the pro-

posed method. The resulting G-SICAMM model, however, is flexi-

ble enough to be used in many real applications. For instance, the

number of chains and states were consistent with those used in

the experiment on real data ( Section 5 ), where the two states cor-

responded to a binary classification (active/inactive) of the brain

regions delimited by the chains. 

4.2. Data generation procedure 

Once defined the G-SICAMM parameters, we can randomly gen-

erate data for this model configuration using the following pro-

cedure. Let us assume that we need to generate N data samples.

First, we assume that the model starts at the combination of states

k = [1 , 1] T and use the transition probabilities πk k ′ to generate a

random sequence of N combinations of states. Once the states have

been generated, the observations can be obtained as explained in

Table 2 . 
.3. Simulated experiments 

For each iteration of the experiment, a known G-SICAMM

odel was set as indicated in Section 4 .A and N = 1024 observa-

ions, x (n ) , n = 1 . . . N, along with their respective combinations

f states, c ( n ), were randomly drawn from the model using the

ethod outlined in Section 4 .B. The first half of the data was used

or training and the second half of the data was used for testing

he classification performance of every competitive method. Per-

ormance was measured using the average classification error rate

or 300 iterations. 

The considered methods were set up as follows. For the cou-

led HMM methods (i.e., CHMM and G-SICAMM), the models were

et as per the simulation, with two chains ( L = 2 ) , each one with

wo hidden states ( K 

(1) = K 

(2) = 2 ) and with the emissions being

ectors of size 4 ( M 

(1) = M 

(2) = 4 ) . For the single-chain methods

HMM, SICAMM, GMM, ICAMM, and LSTM), both chains were con-

idered at the same time, resulting in four hidden states (the com-

inations of states of each chain, K 

′ = 2 · 2 = 4 ) and emissions of

ize eight ( M 

′ = 4 + 4 = 8 ) . For G-SICAMM, SICAMM and ICAMM,

he ICA for each hidden state was estimated from training data,

ssuming square mixing matrices, using MIXCA [11] . 

For GMM, HMM and CHMM, the number of Gaussian compo-

ents for each hidden state ranged between 3 and 20 components,

 range of numbers used in several EEG applications, e.g., [33] ). The

xact number of components for each state was chosen by max-

mization of the Akaike information criterion [34] , a commonly-

sed criterion to test the quality of a statistical model. There is

xtensive literature of the application of AIC criterion for choosing

he optimal number of components, including very recent works

e.g., [35,36] ). 

In all cases, prior probabilities and transition probabilities were

stimated by counting. 

The parameters of the LSTM network were chosen using cross-

alidation on the training set. For the simulated case, we opted

ith a network with six layers: an input layer, a fully connected

ayer with 50 neurons, a ReLu layer, a bidirectional LSTM layer

ith 6 neurons, a second fully connected layer with one neuron

er combination of states ( K 

′ ), and a softmax layer. The network

as trained using Adam with starting learning rate 0.01. 

.3.1. Intra-chain time dependence 

For the first experiment, the inter-chain dependence parameter

11) was set to β = 0 . 1 and the intra-chain dependence parameter

as changed from α = 0 . 5 (no dependence) to α = 0 . 99 (almost

omplete dependence) in steps of 0.025. The Monte Carlo experi-
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Table 2 

Data generation Algorithm from g-sicamm once the states are known. 

For each chain, l = 1 . . . L : 

For each time instant, n = 1 . . . .N: 

For each source, m = 1 . . . M 

(l) : 

Draw one random value from the distribution of the m th source of state c (l) (n ) = k (l) 

Multiply the sources by the mixing matrix of the corresponding state, ( W k (l) 
(l) ) −1 , and add the centroid, b k (l) 

(l) 

Fig. 2. Average classification error rate with respect to the intra-chain dependence 

parameter, α. For readability, no variance bars are shown: variance was always 

small and reduced with increasing α. 
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Fig. 3. Average classification error rate with respect to the inter-chain dependence 

parameter, β . For readability, no variance bars are shown: variance was always 

small and reduced with increasing β . 
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ent was repeated 300 times for each value of α, for a total num-

er of 60 0 0 iterations. 

Fig. 2 shows the average classification rate of each method. For

eadability, no variance bars are shown. However, the variance of

he classification rate was low overall, lowered with inter-chain

ependence, and was lower for ICA-based methods than it was

or LSTM and GMM-based methods. The non-dynamic methods

ICAMM and GMM) maintained their performance when the intra-

hain dependence increased. Conversely, all the dynamic meth-

ds (LSTM, HMM, SICAMM and G-SICAMM) increased their perfor-

ance as α increased. SICAMM performed better than HMM and

ery similarly to LSTM and CHMM. Finally, G-SICAMM achieved

he best classification performance at every point of the simulation

ue to exploitation of time cross-dependencies between chains. 

.3.2. Inter-chain time dependence 

A second experiment was carried out to test the performance

f the methods with respect to changes in the inter-chain depen-

ence parameter (11) . In this case, the intra-chain dependence pa-

ameter was set to α = 0 . 8 and the inter-chain dependence pa-

ameter was changed from β = 0 (no dependence) to β = α =
 . 8 (maximum dependence) in steps of 0.06. This relatively high

alue of α was set in order to allow for a larger range of variation

or β , since β ≤α. The Monte Carlo experiment was repeated 300

imes for each value of β , for a total number of 3900 iterations. 

Fig. 3 shows the average classification rate of each method. As

n Fig. 2 , no variance bars are shown, since variance was low over-

ll, and lower for ICA-based methods than it was for LSTM and

MM-based methods. Also in concordance with the results shown

n Fig. 2 , G-SICAMM consistently outperformed the other compet-

tive methods, with SICAMM and CHMM tied for the second best

esult. In this experiment, LSTM yielded an intermediate result be-

ween SICAMM/CHMM and HMM. HMM yielded a similar result

o the non-dynamic ICAMM for some range of values of β , but

ielded an overall better result than ICAMM. Finally, ICAMM and
MM achieved steady results since they do not consider depen-

ence. 

In Fig. 3 , the performance of dynamic methods (G-SICAMM,

ICAMM, LSTM, CHMM and HMM) worsened with rising inter-

hain dependence β < 0.2, and only improved when β > 0.3. This

ehavior can be explained from the transition probabilities set for

he model in (11) . Since α = 0 . 8 , positive values of β will actually

educe the time dependence in the model as long as α − β ≥ 0 . 5 . If

e keep increasing the inter-chain dependence parameter so that

− β < 0 . 5 , the overall time dependence in the model rises again.

his explains the results in Fig. 3 , where the effect of the time de-

endence is more pronounced the more β steps away from 0.3

i.e. , the more α − β steps away from 0.5). Regardless of this ef-

ect, G-SICAMM obtained a better result than the other considered

ethods for any value of inter-chain dependence. 

Please notice that every point in the curves of Figs. 2 and 3 cor-

esponds to a specific dependence model determined by α and β ,

o it is normal that G-SICAMM and SICAMM follow similar error

atterns. This is because in a given point, both methods must es-

imate the same dependence model. However, G-SICAMM needs to

stimate just two parameters ( α, β) using the sample estimates

f Eq. (5) to compute the transition matrices of Eq. (11) . On the

ontrary, SICAMM, as explained before, fusions both chains in only

ne and so defines four states instead of two. Thus, 10 parame-

ers must be estimated from Eq. (5) corresponding to the symmet-

ic (4 × 4) transition matrix. For larger dimensions, the difference

etween the transition parameters required by SICAMM and G-

ICAMM increases dramatically. Moreover, G-SICAMM requires the

stimation of two ICAMM models of dimension 4, while SICAMM

ust estimate one model of dimension 8. This also contributes to

 constant (independent of α and β) excess error of SICAMM re-

pect to G-SICAMM. All this explains the larger error showed by

ICAMM and ultimately justifies the improved performance of G-

ICAMM in both the simulated and the real examples, as it will be

hown in Section 5 . 
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Table 3 

Parameters of each G-SICAMM used for the sensitivity analysis experiment. 

Number of chains 

1 2 3 4 

M 

(1) = 16 
M 

(1) = 8 

M 

(2) = 8 

M 

(1) = 8 

M 

(2) = M 

(3) = 4 
M 

(l) = 4 ∀ l

K (1) = 4 
K (1) = 4 

K (2) = 4 

K (1) = 4 

K (2) = K (3) = 2 
K (l) = 2 ∀ l

Number of chains 

5 6 7 8 

M 

(l) = 4 , l = 1 . . . 3 

M 

(4) = M 

(5) = 2 

M 

(1) = M 

(2) = 4 

M 

(l) = 2 , l = 3 . . . 6 

M 

(1) = 4 

M 

(l) = 2 , l = 3 . . . 7 
M 

(l) = 2 ∀ l
K (l) = 2 ∀ l K (l) = 2 ∀ l K (l) = 2 ∀ l K (l) = 2 ∀ l

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4. Results obtained by changing the number of chains in which we divide the 

data: a) error rate; b) negative log-likelihood. The number of chains of the genera- 

tive model was 4. 
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4.4. Sensitivity analysis 

A further experiment was set up to show the effect of the num-

ber of chains on the performance of the model. In previous sec-

tions, the parameters of G-SICAMM were initialized in a super-

vised learning scheme considering that the number of chains was

known. The experiment in this section was designed in order to

approximate a more general case where the number of chains is

unknown. The parameters of the generating model for this experi-

ment were set as explained in Section 4 .A, using the following val-

ues for the parameters of the model: 

• Four chains ( L = 4 ) , each with four variables ( M 

(l) = 4 ,

l = 1 . . . L ) and two hidden states ( K 

(l) = 2 , l = 1 . . . L ) . Thus, in

total, each observation x ( n ) had 16 variables. 
• The centroids of the model were b 1 

(l) = [ 1 , 1 , 1 , 1 ] T and b 2 
(l) =

[ 1 . 5 , 1 . 5 , 1 . 5 , 1 . 5 ] T for all chains, l = 1 . . . L . 
• The sources followed a non-Gaussian (uniform) distribution

with zero mean and unit standard deviation. 
• In order to simplify dependence, only the following 4 com-

binations of states were considered: k 1 = [ 2 , 1 , 1 , 1 ] T , k 2 =
[ 1 , 2 , 1 , 1 ] T {} , k 3 = [ 1 , 1 , 2 , 1 ] T and k 4 = [ 1 , 1 , 1 , 2 ] T . This guar-

anteed that all chains crossed their two states, while keep-

ing the number of combinations to a minimum. The resulting

[4 × 4] transition matrix was set to πkk = 0 . 6 and π
kk ′ = 0 . 13

for k 

′ � = k . 

N = 1024 data were generated from this model as explained in

Section 4 .B. The first half of this data was used to fit G-SICAMM

models with a different number of chains, ranging from 1 to 8.

For models with a smaller number of chains than the generat-

ing model, we proceeded as for SICAMM in Section IV.C (i.e., by

combining the data and establishing the possible combinations of

states). For models with a higher number of chains than the gener-

ating model, one or more chains were split in half, obtaining two

chains with observations of size 2 and with the same hidden states

as the original chain. These parameters are summarized in Table 3 .

The second half of the generated data was used for testing the

models. This process was repeated for 300 iterations, and perfor-

mance was measured using the average classification error rate.

Fig. 4 shows the results of the simulation. There is a clear opti-

mum for the correct number of chains ( L = 4). This shows the sen-

sitivity of the results with respect to the number of chains, which

requires enough flexibility to model the original data. Furthermore,

smaller numbers of chains ( 1-3 ) obtained better performance than

higher numbers of chains ( 5-8 ). This could be due to the reduced

complexity of the smallest models, which could offset the incor-

rect number of chains. Therefore, in case of similar or conflicting

results, one should likely choose the lowest number of chains. 
. Real application 

One of the main fields of application of pattern recognition is

ioinformatics, which includes the analysis of electroencephalo-

raphic (EEG) data [37] . EEG signals are a useful clinical tool and

hey are an active area of research, for instance, on cognitive func-

ions [38] , sleep disorder diagnosis [39] , and brain connectivity

nalysis [40] . Previous works have shown that ICA can produce

ot only a valid statistical model of the EEG data, but also sources

ith physiological significance. Typically, each column of the mix-

ng matrix is considered as a spatial pattern (“scalp map”) of ac-

ivation of the sources, with the corresponding source being inter-

reted as the level of activation of the map during the experiment.

opular applications of ICA on EEG have been to locate dipolar

ources in the brain and to remove artifact (non-EEG) sources (see

24,26] and the references within). HMM has also been applied to

nalyze the event-related dynamics of brain oscillations and the

ausality of physiological phenomena [37] . Two examples of this

pplication are decoding upper limb movement EEG signals from

hronic stroke patients with impaired mobility [41] and control-

ing brain computer interfaces [42] . In general, dynamic analyses

ave assumed GMM-based methods that provide adequate statisti-

al modeling capabilities, but constrain a physical interpretation or

ssociation with the underlying grounds of the physiological phe-

omenon. 

In this paper, we have approached the processing of EEG signals

rom epileptic patients that were performing neuropsychological

ests. These tests were applied as part of clinical diagnosis analyses

o monitor the learning and memory cognitive function of the pa-

ients. In particular, we were interested in studying changes in the

ctivation of brain areas during memory tasks. This kind of tests

akes up an essential area of clinical neurophysiology assessment.

nformation cannot be processed if the brain is unable to store a

ertain amount of it in short-term (working) memory or to consol-

date past experiences, events and strategies in long-term memory.

onversely, information stored in short- or long-term memory is

seless without the means to properly access and activate it. 

In patients with refractory temporal lobe epilepsy, it is im-

ortant to assess hemispheric memory and speech lateralization

ecause preexisting memory deficits may worsen or new deficits

ay appear after surgical resection. The standard preoperative as-

essment of the lateralization of memory and speech includes in-

racarotid amytal testing, which is an invasive procedure. How-

ver, the (non-invasive) hemispheric EEG analysis using the pro-

osed G-SICAMM method during the application of neuropsycho-
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Table 4 

List of features calculated from the data x at each epoch of length �. 

Feature Definition 

Average amplitude y 1 (n ) = 

1 
�

∑ n +�
i = n | x (i ) | 

Maximum amplitude y 2 (n ) = max { | x (n ) | , . . . , | x ( n + �) | } 
Average power y 3 (n ) = 

1 
�

∑ n +�
i = n ( x (i ) − y 1 (n ) ) 

2 

Centroid frequency y 4 ( n ) = pole frequency of AR2 model 

Peak frequency y 5 (n ) = max ︸︷︷︸ 
f 

| X( f ) | 2 , where X ( f ) is the Fourier transform of [ x (n ) , . . . x ( n + �) ] 

Spindles ratio y 6 (n ) = 

P sigma 

P−P sigma 
, where P = 

∫ | X( f ) | 2 · df and P sigma = 

∫ 15 Hz 

11 . 5 Hz | X( f ) | 2 · df 

TSI y 7 (n ) = 

P theta 

P delta + P al pha 
, where P delta = 

∫ 3 . 5 Hz 

0 . 5 Hz | X( f ) | 2 · df , P theta = 

∫ 8 Hz 

3 . 5 Hz | X( f ) | 2 · df , and P al pha = 

∫ 11 Hz 

8 Hz | X( f ) | 2 · df 

ASI y 8 (n ) = 

P al pha 

P delta + P theta 

Skewness y 9 (n ) = 

1 
�

∑ n +�
i = n 

( x ( i ) −y 1 ( n ) ) 
3 

( y 3 (n ) ) 
3 / 2 

Kurtosis y 10 (n ) = ( 1 �

∑ n +�
i = n 

( x i (n ) −y 1 (n ) ) 
4 

( y 3 (n ) ) 
2 ) − 3 

Time reversibility y 11 (n ) = ( y 3 (n ) ) −3 / 2 · 1 
�−τ · ∑ n +�

i = n + τ [ x (i ) − x ( i − τ ) ] 
3 
, with τ = 1 

Third-order autocovariance y 12 (n ) = 

1 
�−2 τ

∑ n +�
i = n +2 τ x (i ) · x ( i − τ ) · x ( i − 2 τ ) , with τ = 1 
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ogical memory tests may be a useful tool to evaluate the mem-

ry function dominance. There is clinical evidence that the neu-

al networks of each hemisphere show independent activation pat-

erns following different dynamics. Collaborative interaction be-

ween hemispheres, however, is required to accomplish some cog-

itive tasks. From a medical standpoint, two areas (left and right

erebral hemispheres) may be a large enough number of areas to

e analyzed. Therefore, a G-SICAMM with two Markov chains, one

or each hemisphere, was considered for this application. In other

EG applications, like spindle sleep analysis, the number of areas

o be analyzed may be four or more [43] . 

.1. Experimental setup 

The number of epileptic patients was six. The biosignal acquisi-

ion and the tests were synchronized using a graphic user interface

esigned by the authors, and the data were captured by the Neu-

ophysiology and Neurology Units at Hospital La Fe, Valencia. 

The first neuropsychological test was the visual memory

arcelona Neuropsychological Test (TB, [21] ). The test consists of

en trials and scoring is given depending on the number of correct

esponses. In each trial, the participant is shown an abstract line

gure (probe) during 3 s. There is a 2-sec retention interval and

fterward the participant is told to recognize the probe out of a

roup of four similar figures. The second test was the TAVEC [22] ,

n auditory working memory test. In each trial, the participant lis-

ens to a list of sixteen items and is then told to repeat as many

tems as they can remember. 

The stages of the TB can be split in two states ([stimulus + re-

ention] vs. [response]) or three states ([stimulus] vs. [retention]

s. [response]). The stages of the TAVEC can be split in two states

[stimulus] vs. [response]). The proposed methods were used for

lassifying the EEG signals into the chosen number of states. The

rst half of the data of each patient was used for training, and the

econd half of the data was used for testing. 

For each subject, 19 EEG channels were captured using a sam-

ling frequency of 500 Hz and positioned according to the 10–20

ystem. The signals were filtered and split into epochs of 0.25 s

ength. This short length was selected in order to ensure that all

tages of the test (some of which were very short) were spread

ver multiple epochs, thus improving parameter estimation. The

welve features shown in Table 4 were calculated for each epoch,

nd the best feature subset for each subject was selected us-

ng cross-validation on the training set. Some of these features

TSI, ASI, spindles, average amplitude, centroid frequency) are com-

only used in polysomnography analysis [14,44] . The statistical
eatures were based on higher order statistics, which have been

sed in several applications on EEG data (see [45] and the refer-

nces within). The remaining features are classical and have been

sed in many works. 

We considered the same methods used on simulated data. The

arameters of the ICAMM, SICAMM and G-SICAMM methods were

stimated using supervised training on the first half of the data,

ollowing the method described in Section IV.C, except that M 

′ =
9 . G-SICAMM and CHMM were set up with two chains ( L = 2 ) ,

ne for each brain hemisphere ( M 

(1) = M 

(2) = 9 ) . Both chains con-

idered the same states: in this case, the chain structure is used

o isolate the contributions of each brain hemisphere. Such divi-

ion could also be used, for instance, in order to determine hemi-

pheric dominance during certain tasks and measure spatial ne-

lect ( [46] ). The parameters of the LSTM network were again cho-

en using cross-validation on the training set. The results shown

n the following correspond to a network with six layers: an in-

ut layer, a fully connected layer with 100 neurons, a ReLu layer,

 bidirectional LSTM layer with 6 neurons, a second fully con-

ected layer with one neuron per combination of states ( K 

′ ), and a

oftmax layer. The network was trained using Adam with starting

earning rate 0.01. 

The performance of each method was initially measured using

he error rate and the recall (or sensitivity) of the classification.

owever, the stages of the test have different durations, with the

timulus stage being the longest. Thus, the error rate and the recall

ere heavily dominated by this stage. In order to compensate for

hese differences in prior probability, we replaced the error rate

ith the balanced error rate (BER) and the recall with Cohen’s

appa coefficient ( κ , [23] ). The BER is the average of the error rates

or each state, and thus is more resistant with respect to states

ith very different prior probabilities. Cohen’s kappa coefficient is

 commonly-used tool to assess accuracy that takes into account

ifferent state probabilities, and thus it is much more robust than

he recall. In this work, the following definition of κ for a classifi-

ation with K states was used 

= 

N · ∑ K 
i =1 c ii −

∑ K 
i =1 c i + · c + i 

N 

2 − ∑ K 
i =1 c i + · c + i 

(12) 

here N is the number of classified samples; c ii is the number

f correctly classified samples from state i , i = 1 , . . . , K; c i + is the

umber of samples that truly belong to state i ; and c + i is the num-

er of samples that were classified as state i . The BER is bound in

he interval [0, 1], and a low value is better than a high value.

ohen’s kappa is bound in the interval [ −1, 1] and a high value
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Fig. 5. Average results of the classification of multimodal data from patients per- 

forming neuropsychological tests, in terms of balanced error rate and Cohen’s 

kappa. Error bars are shown in red. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6. Classification of neuropsychological tests for one of the subjects. 
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is better than a low value. Thus, an optimum result would have

BER = 0 and κ = 1 . 

5.2. Results 

Fig. 5 a shows the average BER and kappa values of each method

for two-class classification ([stimulus + retention] vs. [response]). In

concordance with the results in Section IV, ICAMM-based models

obtained a better overall performance than GMM-based models,

and dynamic methods performed better than non-dynamic meth-

ods. The latter is particularly marked in the case of G-SICAMM,

with considerably better results (lower BER and higher κ) than

ICAMM. G-SICAMM obtained the best results overall, and SICAMM

and LSTM yielded worse performances than G-SICAMM. In all

cases, however, it can be seen that this classification is a diffi-

cult problem that required the use of powerful dynamic mod-

els. These trends remain consistent when considering three-class
lassification ([stimulus] vs. [retention] vs. [response]), as seen in

ig. 5 b), although with slightly higher BER and lower Cohen’s

appa for all methods. Once more, dynamic methods outperformed

on-dynamic methods, and G-SICAMM obtained the best results.

imilar trends were obtained for two class classification for the

AVEC test, as shown in Fig. 5 c, with the exception of LSTM, which

ielded a result comparable to that of G-SICAMM in this case. 

Fig. 6 shows the results of the classification of the two neu-

opsychological tests for one of the subjects: Barcelona test with

wo states ( Fig. 6 a) and three states ( Fig. 6 b), and TAVEC test

ith two states ( Fig. 6 c). Results for other subjects were similar to

hose presented. The results of the non-dynamic methods (GMM,

CAMM) tended to oscillate very fast or to remain stuck at one

articular class, thus explaining the worse performance yielded

y those methods. CHMM and HMM achieved good (e.g., Fig. 6 a,

) and bad (e.g., Fig. 6 b) results in several trials, with an over-

ll better result than both non-dynamic methods. The dynamic

CAMM-based methods and LSTM consistently yielded the best re-

ults. LSTM and SICAMM showed some oscillating behavior, while
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Fig. 7. Spatial patterns of three of the sources extracted from subject #3: a) Barcelona test; b) TAVEC test. 
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o  
-SICAMM showed very few rapid changes, yielding very smooth

lassifications. This behavior produced better average performance

or G-SICAMM, although it still fails in some trials (see G-SICAMM

n Fig. 6 c at the 720 s mark). This is also supported by the high

alues of kappa, which seems to indicate high concordance be-

ween the true states and the classification obtained by the pro-

osed method. 

As mentioned in Section III, the parameters of G-SICAMM can

e used to model the dynamics of EEG signals in a similar way

o ICAMM parameters [24] . In brief, the mixing matrices are con-

idered as a set of spatial patterns (or “scalp maps”) whose in-

ependent temporal activations are regulated by their correspond-

ng sources. The study of these parameters can determine the con-

ectivity of brain regions during the stages of the experiment and

hed new light on the EEG data (e.g., [47] ). Conversely, the param-

ters obtained by the Gaussian mixed model have no direct rela-

ion with the physiological parameters underlying the EEG data.

hus, the hidden Markov models with GMM emissions can only be

sed for classification, while G-SICAMM can be used both for clas-

ification and for understanding the physiological processes behind

he EEG. Similarly, the weights of the LSTM network are not read-

ly interpretable as physiological phenomena, although some works

ave attempted to project results back onto the scalp for convolu-

ional neural networks [48] . 

Some of these preliminary results are shown in Fig. 7 . Fig. 7 a

hows some results of the Barcelona test for subject #3, and Fig. 7 b

hows some results of the TAVEC test for the same subject. In both

ases, the independent components found during the stages of the

xperiment were consistent with the nature of the experiment it-

elf. Furthermore, there were differences between the sources of

ach state, whereas sources from the same state were more similar

etween them. For the Barcelona test, the results show the activa-

ion of two regions typical in visual tasks. The first one is the exci-

ation of the occipital region of the head, which is related to visual

nput and processing. Thus, its presence is in concordance with the

est. The other common source is distributed on the frontal-central

l  
egion of the head. This region has been found to be related with

he processing of information during working memory, as seen in

49] . Since this experiment is based on working memory, it is in-

eed consistent that such an area would appear consistently across

xperiments. Finally, the third interesting source found in the re-

ponse events, which seems to be more noisy than the other two,

ight be caused by electromyographic noise due to the movement

equired during the response (hand movement and pointing). 

For the TAVEC test ( Fig. 7 b), the patterns for the stimulus state

how higher responses on the left hemisphere, particularly on the

emporal area. This suggests the activation of Wernicke’s speech

rea on the dominant (left) cerebral hemisphere [50] , which is in

oncordance with the fact that the TAVEC is a verbal test. The ac-

ivation of the occipital cortex might suggest visual activity on the

art of the subject. Besides, the activity during the response state

s more centered and more oriented towards the front area of the

rain. This suggests a suppression of the visual input during the re-

ponses, which fits the nature of the test. Other interesting result

eflected in the estimated G-SICAMM parameters is the excitation

f the left frontal temporal area which suggests the activation of

roca’s speech area, usually related with the production of speech

50] . 

. Discussion and conclusion 

The method proposed, G-SICAMM, defines a general pattern

ecognition framework to characterize the joint behavior of a

umber of synchronized SICAMM models. Subspace classification,

earning of interaction dynamics, and hidden non-Gaussian source

eparation are jointly considered. Thus, the proposed method is ca-

able of modeling several datasets in parallel, learning local dy-

amic accurately while also considering global dynamic interac-

ions. The requirements of the problem (physical components, sen-

or spatial locations, data modalities,…) would determine the use

f several Markov chains. Thus, given the characteristics of a prob-

em, simpler methods might be used, e.g., SICAMM, if there are no
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physical, topological or functional reasons to use several chains and

ICAMM if there is no temporal dependence. 

Some of the parameters of G-SICAMM are fixed due to the

method design, e.g., since the mixing matrices are square, the

number of sources per chain is equal to the number of variables

per chain. In the proposed supervised learning scheme, the num-

ber of states and the number of chains (which depend on the char-

acteristics of the application) are considered as prior information.

Classification without prior information would require an unsuper-

vised learning scheme for G-SICAMM that is outside the scope of

this work. However, the restriction about the number of chains

would remain conditioned to the application. 

The inner structure of the observed data in the multichannel

setting makes G-SICAMM a more efficient method to deal with a

limited amount of data for both training and testing in compar-

ison with one channel methods like SICAMM or HMM. It is also

more versatile than other coupled methods like CHMM, as non-

Gaussian modelling is possible. Besides, the inherent ICA structure

of G-SICAMM may lead to a better interpretation of the results by

analyzing the estimated hidden independent sources. Simulations

showed that the higher the value of temporal dependency in HMM

(intra- and inter-chain), the higher the improvement in classifica-

tion error rate of G-SICAMM over those of the other competitive

methods. These characteristics of G-SICAMM would be suitable for

the analysis of brain networks in order to model relationships of

activation/inhibition of relatively distant zones. 

The flexibility of G-SICAMM to model data densities with dif-

ferent degrees of alteration, changing in time, of an underlying

ICA mixture model was also demonstrated. Accurate non-Gaussian

source approximation depends on the embedded ICA algorithm

and the way that the multichannel dataset is divided. The first

depends on the assumptions of the ICA estimation, being non-

parametric the most relaxed, and the latter normally is related

with the application. Thus, the configuration of G-SICAMM param-

eters should be tuned with the application requirements. In this

work, G-SICAMM was able to adapt to different cases of changing

non-stationarity and non-linearity from EEG signals. 

Mixture models (MM) have been employed in many appli-

cations due to their suitability to represent complex data ge-

ometries. One of the most popular MM is the Gaussian Mixture

Model (GMM), whose data generating process has been success-

fully adapted for description and prediction in several applications

(see for instance [51] ). In practice, an adequate deployment of

GMM is able to model almost any kind of data distribution. How-

ever, the capabilities of inference from the parameters of GMMs

are constrained since it is difficult to associate the estimated Gaus-

sian components with variables from real applications. Thus, the

reasoning of assigning meaningful patterns to GMM components

based on hypotheses on a real phenomenon is not achievable. In

contrast, non-Gaussian mixture models (NGMM) would enable the

estimation of plausible underlying random variables that could be

related with physical phenomena, besides the usefulness of gener-

ating a predictive distribution. This was demonstrated in the pro-

cessing of EEG signals. 

We considered the automatic classification of EEG signals from

epileptic patients performing two learning and memory neuropsy-

chological tests. Two types of classification were considered: two-

class classification ([stimulus + retention] vs. [response]) and three-

class classification ([stimulus] vs. [retention] vs. [response]). G-

SICAMM outperformed all the other competitive methods, includ-

ing a continuous two-coupled HMM and a LSTM recurrent net-

work. The average improvements obtained by G-SICAMM over

LSTM and GMM-based CHMM were 0.17 and 0.08 (for the bal-

anced error rate) and 0.27 and 0.05 (for Cohen’s kappa coefficient),

respectively. The configuration of G-SICAMM allowed brain hemi-

sphere analysis, and thus, more accurate detection of small dy-
amic changes in each hemisphere than the one obtained by ana-

yzing the brain dynamics as a whole. 

Furthermore, the G-SICAMM parameters provided a structured

esult from which an explanation from the application standpoint

as made. The independent components found for the six patients

uring the stages of the neuropsychological test were consistent

ith the underlying physiological model. For the visual test, there

ere activations of spatial zones of the brain dedicated to the pro-

essing of visual information and attention, and of the premotor

ortex. For the auditory test, we confirmed the activation of brain

egions closely related with understanding and producing speech.

hus, the potential of the method for the analysis of brain dynam-

cs on EEG signals was demonstrated. 

There are several lines of work that remain open to exploration:

i) to study in greater depth the dynamic model parameters ex-

racted from real biological data and search for any correlation

ith the underlying biological processes (e.g., EEG connectivity);

ii) to incorporate different kind of enhancements such as semi-

lind source separation; unsupervised and semi-supervised learn-

ng; and multimodal pattern modeling; (iii) to adapt the treatment

f the CHMM structure to consider alternatives to the current fully

onnected approach, which would reduce computational time and

mprove numerical convergence; and (iv) to introduce G-SICAMM

n different applications such as multimodal fusion. 
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