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Abstract: One of the main questions theories of associative recognition impose is whether there is one or 

two qualitatively distinct memory processes between encoding of the stimuli and the response. 

Therefore, identifying processing stages could give valuable information about the cognitive processes 

involved. In this paper a novel method developed by Vidaurre et al. (2016) is applied to EEG data from 

associative recognition memory to identify the processing stages with regard to this task. Three 

alternatives for an observation model within this method have been explored and the results are 

compared to previous findings, where a combination of Hidden semi-Markov Model and Multivariate 

Pattern Analysis (Anderson et al., 2016) has been applied to the same data. The current analysis indicates 

the effect of word’s associative strength is distributed over three processing stages, while previous 

findings suggest this effect is localized in a single cognitive stage 

1. Introduction 

The discovery of processing stages is a central 

topic in cognitive science. It has been long 

believed that thoughts occur instantaneously and 

attempts to time them, or even break them into 

distinct cognitive states, was not conceived. This 

belief was overthrown with the work of Herman 

von Helmholtz, who measured the speed of nerve 

impulses for the first time in 1850. Because 

cognition is hypothesized to be based on the 

nervous system, the work of Helmholtz had led 

scientists to believe that comparison between 

conditions in the same cognitive task could yield 

a direct measurement of otherwise inaccessible 

cognitive processes. This idea was first illustrated 

in the work of Donders, who introduced the 

Subtraction method in 1868. The method would 

allow to calculate the length of a processing stage 

based on the subtraction of reaction times (RT) of 

tasks, which are hypothesized to share all but one 

processing stage. A strong limitation of this 

method is the assumption that processing stages 

are of fixed duration in tasks assumed to share 

those stages. A century later Sternberg (1969) 

overcomes the limitations of the Subtraction 

Method by introducing the Additive Factors 

                                                           
1 Supplementary code for reproducing figures and results is available upon request 

Method. In contrast to Donders method, in the 

Additive Factors Method a variation of the same 

task (assuming the same number of cognitive 

process and constant time for events, such as 

motor responses) is used to measure a single 

processing stage. However, Sternberg’s method is 

only informative of the minimum amount of 

processing stages required in a task, and does not 

give any information about the nature, order or 

durations of those stages (Sternberg, 1969). In 

order to overcome these limitations of RT based 

methods, neuroimaging data in combination with 

machine learning techniques has been recently 

introduced to determine the processing stages 

with regard to a cognitive task (Anderson, Zhang, 

Borst, & Walsh, 2016; King & Dehaene, 2014; 

Sudre, et al., 2012). 

The goal of this study is to apply a novel 

computational method for discovering processing 

stages to EEG data of an associative recognition 

memory and compare the results with previous 

findings. In particular, a hidden Markov model 

proposed by Vidaurre et. al. (2016) is applied to 

electroencephalographic (EEG) data from an 

associative recognition task reported by Borst, 

Schneider, Walsh &Anderson (2013). This method 

combines the notion of hidden Markov Models 
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(HMM) (Rabiner, 1989) and the Multivariate 

Autoregressive Model (MAR) (Penny & Roberts, 

2002). Moreover, the method allows for two other 

observation models: autoregressive and 

Gaussian. These observation models will be 

discussed in more details in the Methods, under 

Exploratory stage. The motivation for using this 

method is that it provides frequency 

characterization of each state, as well as 

connectivity measures, stages duration and most 

likely order (Vidaurre, et al., 2016). The results are 

compared to the results of Anderson et al. (2016), 

where a Hidden semi-Markov Model combined 

with Multivariate Pattern Analysis (HSMM-

MVPA) have been used on the same data. 

In the remainder of this section, a brief 

comparison between the HMM-MAR and 

HSMM-MVPA methods will be outlined. Then, a 

discussion of associative recognition task and 

current theories will be followed by results 

obtained from Anderson et al. (2016) and their 

interpretation.  

1.1. Comparison of the two methods 

The following section will start with a brief 

discussion of Markov Models. Then, a discussion 

of the peculiarities of each method: HMM-MAR 

and HSMM-MVPA will be covered.  

A Markov model is a discrete probabilistic 

stochastic process used to model sequences of 

events. A Markov model consists of a finite set S 

of states, with 𝑆 = {1,2,3, … , 𝑘} where 𝑘 is the 

number of possible states. Markov models fulfill 

the (first-order)2 Markovian assumption, which 

states that the probability of currently observing a 

state depends only on the previously observed 

state, and not on the sequence of states. That is: 
𝑃(𝑋𝑡 = 𝑥𝑡|𝑋𝑡−1 = 𝑥𝑡−1, … , 𝑋1 = 𝑥1)

= 𝑃(𝑋𝑡 = 𝑥𝑡|𝑋𝑡−1 = 𝑥𝑡−1) 

for all observations 𝑥1, 𝑥2, … , 𝑥𝑡 ∈ 𝑆.  

A full definition of a Markov model further 

requires the definition of initial probabilities (π) 

and a k-by-k transition probabilities matrix T. An 

element of the transition matrix 𝑇𝑖𝑗  specifies the 

probability of switching from state i to state j.  

                                                           
2 Higher order Markovian assumptions are possible, however, 

rarely used in practice. 

3 This assumption is based on the classical theory of EEG 

generation (Shah, et al., 2004). According to the synchronized 

oscillation theory, the onset of cognitive stages is marked by 

Hidden Markov Models are a type of Markov 

model, where the states are not observable 

themselves, but are mapped to observable events. 

Thus, to define a Hidden Markov model, an 

observation model (probability of observing an 

observation 𝜊𝑖  given the data) is required. A 

special type of Hidden Markov models is a 

Hidden semi-Markov model. An important 

distinction between Hidden Markov models and 

Hidden semi-Markov models lies in the definition 

of the duration of each state. Hidden Markov 

models assume fixed duration of states and each 

state is associated with a single observation. 

Hidden semi-Markov models allow for variable 

duration of states, that is, more than one 

observation can be indicative of a state and the 

duration of the state determines the number of 

observations associated with the state (Yu, 2010). 

To model the duration of the states, a probability 

distribution is used. 

The HSMM-MVPA method proposed by 

Anderson et al. (2016) uses Hidden semi-Markov 

model to account for the variable duration of 

cognitive processes. Moreover, the method is 

theoretically grounded in the electrophysiological 

properties of the EEG. That is, the beginning of 

each state is associated with so called bumps- 

synchronized phasic neuronal activity which is 

hypothesized to mark the onset of a significant 

cognitive event (Anderson et al., 2016).3 Each 

bump is followed by a flat of variable duration, 

where the EEG signal is hypothesized to return to 

sinusoidal noise with mean zero (Anderson et al., 

2016, p.7). Thus, a processing stage is composed 

by a bump, followed by a flat. States are modeled 

sequentially, that is, stage transition is sequential 

(state 1 -> state 2 -> state 3, etc.). The duration of 

each state is modelled by a Gamma distribution. 

Moreover, this method does not allow for state 

revisits. A more detailed explanation of the 

HSMM-MVPA model can be found in Anderson 

et al. (2016). 

The HMM-MAR method proposed by 

Vidaurre et al. (2016) uses MAR as an observation 

for each hidden state in the model. The 

Multivariate Autoregressive Model predicts the 

phase reset in certain frequency range (Basar, 1980). It has been 

shown that both theories produce indistinguishable EEG 

signals (Yeung, Botvinick, & Cohen, The neural basis of error 

detection: Conflict monitoring and the error-related 

negativity, 2004; Yeung, Bogacz, Holroyd, Niuwenhuis, & 

Cohen, 2007) 
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values of each time series at a given time as a 

weighted sum of p previous time values and some 

additional zero-mean Gaussian noise. P is called 

the order of the model and indicates the number 

of lags (past values) used. In the context of EEG, 

this means that each channel is characterized as a 

linear dependence of all other channels. The 

weights of the model are then interpreted as how 

much influence each channel has on the rest of the 

channels, defining a network of neuronal activity. 

The state of the HMM-MAR is thus defined as 

constant pattern of activity for all lags. The model 

allows for state revisits and does not impose any 

constraints on the sequence of states. The model 

uses the Viterbi Path algorithm to calculate the 

most likely sequence of states. A more detailed 

explanation of the HMM-MAR model can be 

found in Vidaurre et al. (2016). 

1.2. Associative recognition: Experiment and 

results 

Associative recognition is the ability to 

discriminate previously studied associated items 

from new associations. In this study, EEG data 

originally obtained by Borst, Schneider, Walsh & 

Anderson (2013) was used. A detailed description 

of the experimental set up and EEG recording can 

be found in Borst and collegues (2013). To 

summarize: The experiment consisted of two 

phases: a study phase and a test phase. During the 

study phase subjects were presented with a list of 

32 pairs of words and were asked to learn them. 

During the subsequent test phase the EEG data 

was recorded. During this phase subjects were 

presented with new pairs of words and were 

asked to indicate whether they have previously 

studied a pair or not. The pairs could be the same 

as learned before (targets, “yes” response), 

rearranged from the original list (re-paired foils, 

“no” response) or consisting of words not 

encountered during the study phase (new foils, 

“no” response). Because the current research 

focuses on the effects of associative strength, and 

because new foils are hypothesized to include 

different cognitive processes, new foils have been 

excluded from the analysis.  

A manipulation of interest for this research is 

the associative fan, which is hypothesized to 

influence the associative retrieval (Borst & 

Anderson, 2015, p. 61). Associative fan refers to 

the number of pairs a word can appear in. For this 

study, the highest associative fan is two. Fan has 

a direct influence on the total reaction time, with 

higher values of fan leading to longer reaction 

times. It is of interest to examine to which 

cognitive stage(s) the effect of fan can be 

attributed. 

Anderson and colleagues (2016) discovered 5 

bumps, and hence, 6 processing stages, for 

targets/rearranged foils by applying the HSMM-

MVPA. Figure 1.1 gives an illustration of the 

mean durations of each state per condition for the 

5 bump model. The first three stages are 

associated with information encoding: the first 

stage reflects the time it takes for the signal to 

initiate cognitive processing, while the second 

and third stages are hypothesized to reflect visual 

encoding of first and second words respectively. 

The fourth stage is interpreted as an associative 

retrieval stage, while the fifth and sixth stages are 

interpreted as decision and response stages 

respectively. Moreover, it is important to note that 

the HSMM-MVPA method indicated that only the 

fourth stage vary in duration per condition. That 

is, the effect of fan was observed only during the 

associative retrieval stage. These results indicate 

that the effect of fan can be observed directly after 

visual encoding is completed. Moreover, the 

effect of fan is attributed to a single cognitive 

stage. 

2. Methods 

Detailed information about EEG data 

recording and artifact removal can be found in 

Borst et.al. (2013). After the artifact removal, a 

band pass filter has been applied to the signal 

with 35 Hz and 1 Hz high and low cut-off 

frequencies respectively. Moreover, the signal has 

been down sampled to 100 Hz. Trials have been 

Figure 1.1: Mean durations of the stages per condition 

for a 5 bump model as reported by Anderson et.al. 

(2016). 
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extracted from the continuous recording and 

corrected using linear detrend to correct for 

within trial drifts. Trials with wrong responses 

and duration of over 3000 ms have been excluded 

from the analysis. Finally, the data has been 

decomposed to 10 most relevant independent 

principal components, which account for 95% of 

the data variance. The components have been 

normalized (η = 0, σ2 = 1). 

In section 2.1, Exploratory stage, an overview 

of the model selection process will be given. The 

focus of section 2.2, Noise reduction stage, is the 

process of dropping stages. 

2.1. Exploratory stage  

The focus of this section is to discuss different 

configurations of the HMM-MAR and their 

effects on the results. The exploratory analysis 

was performed on the data of the first two 

subjects only. The reason behind this is to 

decrease computational demands and time 

required for each simulation. For visual 

inspection of the results, an averaging of the 

inferred probabilistic state time courses across 

subjects per condition was used. 

Assuming centered data, the observation 

model can be specified as follows: 

𝑝(𝑦𝑛|𝑥𝑛 = 𝑘)~Ν(∑ 𝑦𝑛−𝑖𝐴(𝑖)𝑘, Σ𝑘

𝑝

𝑖=1

) 

Where 𝑦𝑛 = [𝑦𝑛(1) 𝑦𝑛(2) … 𝑦𝑛(𝑑)] is the nth 

sample of d-dimensional time serie, with d=10. 

𝐴(𝑖)𝑘 is a d-by-d matrix of weights for lag i and 

state k, and  Σ𝑘 is the noise covariance matrix of 

state k.  

The HMM-MAR model, as discussed in the 

Introduction section, assumes a MAR observation 

model. However, as a special case of the general 

MAR framework, the observation model can be 

also set to be autoregregressive (HMM-AR), 

composed of independent autoregressives, or a 

Gaussian mixture (HMM-Gaussian). Moreover, 

there can be additional constraints imposed on 

the observation model, e,g., that the noise 

covariance matrix is the same for all states.  

HMM-Gaussian: the observation model for 

each state is a multivariate Gaussian distribution. 

Thus, the observation model is simplified to: 
𝑝(𝑦𝑛|𝑥𝑛 = 𝑘)~Ν(𝜇𝑘 , Σ𝑘) 

                                                           
4 Within the variational Bayes framework the posterior 

distribution of the MAR weights is maximized using least-

Where 𝜇𝑘 is the data mean for state k. In the 

case of HMM-Gaussian, difference in mean is 

defining the state. This is the simplest observation 

model, compared to AR and MAR. The noise 

covariance matrix can be set to be full, unique full, 

diagonal or unique diagonal. When the 

covariance is set to be unique, it means that all 

states will have the same noise covariance matrix. 

In the alternative case, each state will have a 

unique noise covariance. A diagonal matrix 

assumes zero correlation between the 

dimensions, and is often chosen when working 

with independent features (here, principal 

components). This greatly reduces the parameter 

space as well as the computational costs. 

HMM-AR: only the self-autoregression 

weights are allowed to vary per state. That is, only 

the diagonal elements of A(i) are allowed to alter 

per state. Moreover, one can specify the lapse 

between the lags, use exponential spacing or 

define offset to set the starting lag. There is no 

closed-form solution for these parameters, and 

their choice would greatly depend on the amount 

of data and the order chosen. This model can be 

viewed as a simplified version of the Multivariate 

Autoregressive model, where all the weights of 

A(i) are allowed to vary. 

HMM-MAR: An advantage of using this 

observation model is that MAR is by definition 

fully connected. The specific connections driving 

each state can be inferred using variational 

Bayes4. Moreover, one can set specific weights to 

fixed (maximum likelihood) global value or to set 

them to zero. In the former case, one assumes 

certain connections have constant influence on 

the network for all states. In the latter, one 

assumes these connections do not influence the 

network. However, due to the complexity of such 

models, an HMM-MAR tends to easily overfit by 

leaving a single state to explain the whole data 

(Vidaurre, et al., 2016). 

The model parameters inference follows 

variational Bayes. Variational Bayes aims to find 

some approximate joint distribution over all 

hidden variables in a hidden Markov model by 

minimizing the Kullback-Leibler (KL) divergence. 

The KL divergence is a measurement, which 

indicates how far away two distributions are. 

squares. For more details, the reader is referred to Appendix B 

from Vidaurre et al. (2016, pp. 92-93) 
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Some authors refer to the minimization of the KL 

divergence as minimizing the so-called 

variational free energy. In this paper, the term free 

energy will be used. The derivation of the free 

energy is out of the scope of this paper. The reader 

can find a detailed explanation and derivation 

shown by Rezek and Roberts (2005). 

2.1.1 Parameter exploration 

In this section we will focus on the effect of 

model specific parameters on the results. 

Effects of parameters: 

 Dirichlet diagonal-the value of the 

diagonal of the prior of the transition 

probability matrix. The higher this 

parameter is, the more persisting the 

states should be, as the probability to stay 

in the same state, compared to switching 

to another state, is increased. However, 

the prior competes with the data, that is, 

if there is not enough evidence in the 

data, the state will nevertheless switch. 

For the current data, values higher than 

1000 were showing effects. Figure 2.1 

illustrates the effects of different values of 

Dirichlet diagonal on the averaged 

probabilistic state time course for fan 1 

target condition. The figures are taken for 

an HMM-Gaussian model with an unique 

diagonal noise covariance matrix. What 

we see is that generally states do get more 

persistent, though, for some values of this 

parameter (not necessary the highest), all 

states are flattened and only one state is 

dominant. This is the case for Dirichlet 

Diagonal = 550000. The exact reasons why 

this is the case are unknown. 

 Power series-the model will work on 

power instead of the raw data time series. 

This changes dramatically the results 

with respect to stage shapes and duration 

when averaging. Solutions have lower 

free energy then when calculated on 

using raw time series. However, the 

solutions with respect to average trial per 

condition are non-informative, and thus, 

this option has not been used in the final 

analysis. 

 Minimum relative decrement of free 

energy. Decreasing this parameter has no 

 

 

 
Figure 2.1 Effects of dirichlet diagonal on the averaged inferred state probabilistic time courses for fan 1 target 

condition for an HMM-Gaussian with unique diagonal noise covariance matrix. 
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effect on the final results (both with 

respect to free energy and average state 

time courses). However, the computation 

time required is significantly longer than 

with the default settings. 

The selected model is an HMM-Gaussian 

with 7 states, unique diagonal covarience 

matrix and Dirichlet Diagonal 5050000. The 7 

state solution has the lowest free energy, 

though, the magnitude of the difference in 

free energy per model is two decimal points 

(e.g., very small). The motivation for using 

the Gaussian observation model is that the 

autoregressive observation models tend to 

easily overfit the data. Appendix B provides 

results for the model with default Dirichlet 

Diagonal (the default for this parameter is 2), 

and with Dirichlet Diagonal = 5500000. 

2.2. Noise reduction 

Even though state dropping is part of the 

parameter inference within the variational Bayes 

approach, sometimes states can persist with low 

fractional occupancy. Here, fractional occupancy 

is a measurement of how much time the model 

spends on each state across trials. Moreover, the 

model does not impose any constraints on the 

length of a state’s visit. The focus of this section is 

to discuss the noise reduction technique used to 

deal with states with persistant low fractional 

occupancy (which can be interpreted as noise 

states).  

It has been hypothesized that cognitive states 

cannot be shorter than 50ms (Clark, Fan, & 

Hillyard, 1994). Therefore, state visits shorter than 

50ms have been disregarded. Moreover, the 

analysis of the inferred model has indicated that 

certain state visits have an arbitrary low 

probability. These can also be attributed to noise, 

because low probability in the inferred model 

mean that there is not enough evidence in the data 

to support these state visits with confidence. By 

modifying the existing analysis tools, we have 

investigated the effect of removing visits which 

are shorter than at least 50 ms and with 

probability lower than an arbitrary value. Table 

2.1 summarizes the results of the two imposed 

conditions (minimum state life visit and 

minimum relativistic state probability) on the 

results. The fraction shows the average amount of 

data filtered out by both constraints within trials. 

The result of filtering on a trial is that inferred 

state visits, which do not satisfy either the 

minimum duration constraint, or the probability 

threshold, are not attributed to any state any 

longer, thus, creating ”gaps” in the inferred state 

courses.  

Duration 

ms 

Probability 

threshold 
Fraction 

Mean 

switching 

Max 

switching 

Number of empty 

trials 

50 0.8 0.3257 5.1758 21 0 

50 0.75 0.2794 5.5424 21 0 

50 0.7 0.2378 5.8648 23 0 

50 0.65 0.1881 6.17 23 0 

50 0.6 0.1599 6.4677 23 0 

60 0.8 0.3572 4.8778 19 1 

60 0.75 0.3123 4.8188 21 0 

60 0.7 0.2718 5.1118 21 0 

60 0.65 0.2333 5.3882 21 0 

60 0.6 0.1957 5.6689 23 0 

70 0.8 0.3888 4.2744 17 11 

70 0.75 0.3455 4.5371 18 6 

70 0.7 0.0.306 4.7948 19 2 

70 0.65 0.2681 5.0659 19 1 

 
Table 2.1. Noise reduction analysis. Duration ms: minim state life visit. Probability threshold: minim relativistic 

probability for a state visit, fraction-mean fraction of nullified data for all trials after minimum duration and 

probability threshold have been imposed, mean switching: average number of state switching across all trials, 

max switching-maximum number of state switches within a trial, number of empty trials-number of trials 

removed by the filtering 
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The higher the probability threshold or the 

minimum state life visit, the more data within 

trials is lost. Moreover, with higher minimum 

relative probability, the less is the mean switching 

rate within trials. This means that states are more 

persistent and trials are explained by fewer 

stages. Number of empty trials indicates the 

number of trials removed by the constraints 

imposed. Based on these results, we have decided 

to impose 0.65 minimum relativistic state 

probability and 50 ms minimum state life visit.  

The next stage of the noise reduction is the 

smoothening procedure. The aim of this 

procedure is to fill in the “gaps” in the inferred 

state courses in an unbiased way.The procedure 

is as follows: for each trial we measure the length 

of each gap in the inferred state courses. The first 

half of the gap is then assigned to stage 

preceeding, and the second one-to the stage 

following the gap. In case the gap consists of a 

single data point, the point is assigned to the 

longest state visit in the vicinity of this point.  

Following the smoothening procedure, we 

measure the fractional occupancy of each state. 

The states with fractional occupancy less than 5% 

are removed, and the data is smoothened again as 

described above. In our case, we have dropped 

one stage, leaving us with a 6 state solution.  

Finally, trials with zero switching (e.g., trials 

fully explained by a single stage) were removed. 

This is because theories of associative recognition 

assume at least one stage between encoding and 

response, which are separate stages as well. Thus, 

the trials explained by a single state can be 

interpreted as noisy states with short state visits 

before the noise reduction technique has been 

applied. Moreover, states with switching rate 

higher than 13 have been excluded from the 

results. We have interpreted these states as noisy, 

however, the choice of switching threshold is 

somewhat arbitrary. In fact, Appendix A shows 

that removing these trials does not influence the 

results. Altogether, 1.8% of the trials have been 

excluded.  

3. Results  

To compare the results from Anderson et. al. 

(2016), the same trials excluded from this analysis, 

were excluded from their data. The figure from 

the Introduction (figure 1.1) has been re-made, 

without taking new foils into account, due to the 

fact that new foils were not included in this 

analysis. Figure 3.1 A shows the results of 

Anderson with their 5-bump solution. Figure 3.1 

B shows the results of the current analysis, with 

Gaussian observation model, unique diagonal 

noise covariance matrix and Dirichlet 

diagonal=5050000.  

From here on, we will refer the results of 

Anderson et al. (2016) as the HSMM-MVPA 

method, and the results of the current analysis 

will be reffered as the HMM-Gaussian method. 

In the HSMM-MVPA method, the first stage 

has been interpreted as the time until the signal 

 
Figure 3.1 A) Results of Anderson et.al (2016) without the trials excluded by the current analysis. B) Results 

of the HMM-Gaussian model with unique diagonal noise covariance matrix and dirichlet diagonal=5050000 
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initiates cognitive processing (Anderson et al., 

2016). The second and third stages are associated 

with the encoding of the first and second words 

respectively. In the HMM-Gaussian, the first two 

stages can be interpreted as encoding of the first 

and second words in the task. This means that the 

HMM-Gaussian model does not reflect cortical 

preprocessing. A similar pattern to one observed 

in the HSMM-MVPA in the fourth stage is 

reflected in the third stage of the HMM-Gaussian 

method. Similar to the HSMM-MVPA method, 

the HMM-Gaussian indicates that the effect of fan 

takes place immediately after visual encoding. 

However, in contrast to the HSMM-MVPA 

method, the HMM-Gaussian indicates that the 

effect of fan is not located in a single processing 

stage.  

The fifth and the sixth stages of both methods 

can be interpreted as a decision and response 

stages respectively. The effect of fan indicated in 

the fifth stage of the HMM-Gaussian suggests that 

the decision stage is not independent of the fan.  

4. Discussion  

The first point of discussion is the difference 

in stage duration between the two models. The 

two methods use fundamentally different ways to 

calculate the duration of each state. In the case of 

HSMM-MVPA, the duration of each state is 

modeled by a gamma distribution and is 

calculated with the expected location of the 

bump. In the case of HMM-Gaussian, the 

duration of each state is based on the mean 

fractional occupancy of each state across trials.  

Moreover, the HMM-Gaussian indicates 

difference in encoding times per condition 

reflected in the first two stages. This contradicts 

with existing literature. According to current 

well-established understanding of word 

encoding, associative fan or word length should 

not influence the encoding time. More research 

would be needed to establish why these 

differences arise. One possible explanation could 

be that the method propagates the difference in 

trial length per condition through all inferred 

states. It is possible that this method is not capably 

of explaining within trial effects. 

Another point of discussion is the observation 

model in the HMM-Gaussian. The inferred results 

are based on a Gaussian observation model. Even 

though it is the simplest observation model 

within the framework developed by Vidaurre and 

colleagues (2016), it might not be the most suitable 

for the given problem. The state transition in this 

case is driven by the mean of the signal, which 

might not be sufficient criteria for extracting 

cognitive stages from an EEG signal. 

Furthermore, as it can be seen in Appendix B, the 

values of the Dirichlet Diagonal can significanly 

alter the results. The value of this parameter has 

been chosen based on exploratory analysis and 

there is no theoretical ground to prefer one value 

over another. Moreover, the method proposed by 

Vidaurre and colleagues (2016) supports 

autoregressive observation models. Our 

experience with these models is that they easily 

overfit and are possibly not well-suited for full-

brain analysis. However, this decision cannot be 

conclusive, as more exploration of these models 

will be necessary. 

Finally, the difference in assumptions in each 

method leads to difference in the interpretation of 

the results. The HSMM-MVPA method is heavily 

theoretically grounded in both 

electrophysiological properties of the EEG signal, 

and in theories of associative recognition. When a 

model has incorporated top-down and bottom-up 

theoretical constraints, the results are relatively 

easy to be interpreted. On the other hand, the 

HMM-Gaussian is purely data driven method 

and is independent of the data modality. This 

makes the method more universal, however, one 

should be very careful in interpreting the results, 

because no theoretical constraints have been 

imposed to simplify or verify the interpretation. 
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Appendix A 

In the Methods section we have discussed that 

trials with switching rate higher than 13 have 

been excluded from the results. The switching 

rate has mean 5.70992 and standard deviation 

2.63111. Based on this information, we have 

excluded trials with switching rate higher than 

approximately three standard deviations from the 

mean. These account for 1.61% of all trials. 

However, the choice of switching rate is 

somewhat arbitrary. Here, the aim is to show that 

the choice of this threshold does not alter the 

interpretation of the results. Fugure A1 shows the 

results without excluding trials based on the 

switching rate threshold.  

Appendix B 

The purpose of this appendix is to provide 

results for the model with default Dirichlet 

Diagonal parameter configuration, and with 

Dirichlet Diagonal = 5500000. This is done to show 

that this parameter can have dramatic effects on 

the results, and in fact, there is no close form 

solution for selecting the value for this parameter. 

Table B1 shows the effect of imposing 

minimum state time visit and probability 

threshold of 0.6 on the inferred model with 

Gaussian observation model, unique diagonal 

noise covariance matrix and default value of the 

Dirichlet Diagonal parameter. Imposing 

minimum state time visit of 50ms and probability 

threshold of 0.6 leads to mean of 60.57% within 

trial data loss. Moreover, 49 trials were removed 

by imposing these constraints. Together, this 

indicates that the state time visits are very short 

and rapidly switching. This assumption can be 

varified by the fact that the model switches states 

on average around 23 times if no constraint is 

imposed on the duration of state visits.  

Table B2 shows the effect for imposing 

minimum state time visit and probability 

threshold on the inferred model with Gaussian 

observation model, unique diagonal noise 

covariance matrix and Dirichlet Diagonal = 

5500000. Similarly to the original solution, we 

chose to impose minimum state time visit of 50ms 

and probability threshold of 0.65. Figure B1 shows 

the inferred stage durations. This solution is 

drastically different from the one we have already 

discussed. Moreover, it does not link with existing 

literature., because the model indicates clear 

effects of fan already during the first processing 

stage. Even if we hypothesise that all visual 

encoding happens within a single processing 

stage, as discussed before, fan does not have an 

effect on the duration of visual word encoding. 

  

 
Figure A1 Inferred stage duration without excluding trials based on the switching rate threshold 
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duration ms probability threshold fraction mean switching max switching number of empty trials

0 0.6 0.2045 23,3676 79 0

50 0.6 0.6057 4,9928 23 49  
Table B1 Noise reduction analysis for Gaussian observation model with unique diagonal noise covariance matrix and default 

Dirichlet Diagonal (2).  Probability threshold: minim relativistic probability for a state visit, fraction-mean fraction of nullified 

data for all trials after minimum duration and probability threshold have been imposed, mean switching: average number of 

state switching across all trials, max switching-maximum number of state switches within a trial, number of empty trials-

number of trials removed by the filtering 

duration ms probability threshold fraction mean switching max switching number of empty trials

50 0.8 0,3199 4,6737 22 3

50 0.75 0,2731 5,0097 23 1

50 0.7 0,2316 5,3095 24 0

50 0.65 0,1920 5,5998 24 0

50 0.6 0,1538 5,8751 24 0

60 0.8 0,3475 4,0697 20 6

60 0.75 0,3021 4,3726 21 3

60 0.7 0,2616 4,6467 22 1

60 0.65 0,2231 4,9091 24 0

60 0.6 0,1854 5,1703 24 0

70 0.8 0,3752 3,5533 17 17

70 0.75 0,3309 3,8349 18 13

70 0.7 0,2914 4,0880 19 7

70 0.65 0,2538 4,3321 20 3

70 0.6 0,2175 4,5656 20 1  
Table B2 Noise reduction analysis for Gaussian observation model with unique diagonal noise covariance matrix and 

Dirichlet Diagonal = 5500000.  Probability threshold: minim relativistic probability for a state visit, fraction-mean fraction 

of nullified data for all trials after minimum duration and probability threshold have been imposed, mean switching: 

average number of state switching across all trials, max switching-maximum number of state switches within a trial, number 

of empty trials-number of trials removed by the filtering 

 

 
Figure B1 Inferred stage duration for Gaussian observation model with unique diagonal noise covariance matrix and 

Dirichlet Diagonal = 5500000 


