
  

 

Abstract— The aim of this study was to assess brain 

complexity dynamics in schizophrenia (SCH) patients during 

an auditory oddball task. For that task, we applied a novel 

graph measure based on the balance of the node weighs 

distribution. Previous studies applied complexity parameters 

that were strongly dependent on network topology. This fact 

could bias the results besides being necessary correction 

techniques as surrogating process. In the present study, we 

applied a novel graph complexity measure from the 

information theory: Shannon Graph Complexity (SGC). 

Complexity patterns form electroencephalographic recordings 

of 20 healthy controls and 20 SCH patients during an auditory 

oddball task were analyzed. Results showed a significantly 

more pronounced decrease of SGC for controls than for SCH 

patients during the cognitive task. These findings suggest an 

important change in the brain configuration towards more 

balanced networks, mainly in the connections related to long-

range interactions. Since these changes are significantly more 

pronounced in controls, it implies a deficit in the neural 

network reorganization in SCH patients. In addition, SGC 

showed a suitable discrimination ability using a leave-one-out 

cross-validation: 0.725 accuracy and 0.752 area under receiver 

operating characteristics curve. The novel complexity measure 

proposed in this study demonstrated to be independent of 

network topology and, therefore, it complements traditional 

graph measures to characterize brain networks. 

I. INTRODUCTION 

Higher-order mental functions, such as cognitive tasks, 
depend of the global coordination of cerebral activity. In this 
regard, several studies of schizophrenia (SCH) are based on 
the hypothesis that this pathology produces a disruption on 
the synaptic efficacy [1], which results on functional 
disconnection during working memory processing [2]. 
Although, previous studies suggest that SCH is accompanied 
by a reorganization deficit of the brain network during the 
performance of a simple cognitive task, such as an auditory 
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oddball task [3], new research is required to clearly 
demonstrate this statement. 

In this context, new methods for assessing brain networks 
have been introduced. Most of the studies of brain networks 
used magnetic resonance imaging (MRI) to achieve a suitable 
spatial resolution [4]. Nevertheless, neural mechanisms 
underlying cognitive processing are related to fast changes in 
the spatio-temporal patterns [5]. The temporal resolution 
provided by electroencephalogram (EEG) can then 
complement previous MRI analyses, assessing brain 
dynamics. Although EEG recordings can be biased by the 
volume conduction effect among spatially contiguous 
sensors, the comparison of different conditions (e.g. during 
different times of a cognitive task) and the use of high-
density EEG recordings may help to overcome this issue. 

Complex Network Theory is a useful tool to assess global 
and local brain connectivity, which seems to be altered in 
SCH [6]. Several studies were devoted to characterizing brain 
networks dynamics. Some of them focused on the complexity 
of a graph [7,8]. Nonetheless, the underlying issue is how to 
define ‘graph complexity’. Several studies suggest that a 
network with high complexity must stand halfway between 
segregation and integration [7], whereas others propose that it 
must be related to the small-world concept (halfway between 
lattice and random graphs) [8]. All these definitions are very 
influenced by network topology, so the complementary to 
traditional graph measures remains in the background. In the 
current research, we used a definition of complexity that 
captures regularities based on the deviation from a totally 
balanced weigh distribution and totally unbalanced. Thereby, 
it does not depend on network topology. 

Given the fact that the brain network connectivity is 
strongly dependent on the weigh distribution of the 
connections, we hypothesized that a complexity measure 
based on the weigh balance distribution among nodes would 
show an abnormal neural network reorganization during a 
cognitive task in SCH. 

II. MATERIALS AND METHODS 

A. EEG recordings 

Twenty SCH patients and 20 healthy controls took part in 
the study. Healthy controls (age- and gender-matched) were 
recruited through newspaper advertisements.  SCH patients 
were diagnosed according to the Diagnostic and Statistical 
Manual of Mental Disorders, 5th edition [9] (DSM-V) 
criteria. The clinical status of the patients was scored using 
the Positive and Negative Syndrome Scale (PANSS) [10]. 
The study protocol was approved by the local Ethics 
Committee of Hospital Clínico Universitario from Valladolid 
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(Spain) according to the code of ethics of the World Medical 
Association (Declaration of Helsinki). 

 Data acquisition was performed using an EEG system 
(BrainVision, Brain Products GmbH; Munich, Germany). 
Electrode placement followed the 10/20 system, with 32 
electrodes at standard positions. Impedances were kept below 
5 kΩ. Event-related potential (ERP) recordings were 
performed while the participants were sat and with their eyes 
closed. The auditory oddball task consisted in random series 
of 600 tones with three different kinds of tones: target (500 
Hz tone), distractor (1000 Hz tone) and standard (2000 Hz 
tone) with probabilities of 0.20, 0.20 and 0.60, respectively. 
Only target tones were considered, since they correspond to 
P3a waves. 

ERP signals were recorded at a sampling frequency of 
500 Hz during 13 min of auditory oddball task. Signals from 
TP9 and TP10 electrodes were removed because of muscle 
artifacts. An independent component analysis (ICA) was 
carried out using the remaining electrodes. According to a 
visual inspection of the scalp maps and their temporal 
activations, ICA components related to eyeblinks were 
discarded. Then, data were reconstructed and re-referenced 
over Cz electrode to the average activity of all active sensors 
in order to minimize the effect of microsaccadic artifacts 
[11]. Signals were filtered using a band-pass finite impulse 
response filter between 1 and 70 Hz, as well as a 50 Hz notch 
filter. Finally, a two-steps artifact rejection algorithm was 
applied to minimize oculographic and myographic artifacts: 
(i) segmentation into 1 s-length trials ranging from −300 ms 
to 700 ms after stimulus onset; and (ii) automatic and 
adaptive trial rejection using a statistical-based thresholding 
method. 

B. Continuous Wavelet Transform 

ERP recordings are nonstationary signals that should be 
analyzed using a time-frequency representation [12]. 
Continuous Wavelet Transform (CWT) provides an 
alternative to classical Fourier analyses. In the present study, 
the complex Morlet wavelet was chosen as “mother wavelet”, 
since it provides a biologically plausible fit to the ERP 
signals [3]. Thus, the Wavelet Scalogram (WS) was 
computed from the CWT of each trial [13]. WS summarizes 
the distribution of the energy for each trial. In order to 
interpret WS as a probability density function, it was 
normalized to range from 0 to 1 [13]. 

C. Mean Squared Coherence 

The Mean Squared Coherence (MSC) can be used as a 
measure of the functional connectivity between brain regions 
[14]. In this study, MSC across electrodes was computed 
using the WS. Finally, MSC values were averaged in the 
conventional EEG frequency band:  theta (4-8 Hz), alpha (8-
13), beta-1 (13-19 Hz), beta-2 (19-30 Hz) and gamma (30-70 
Hz). Of note, delta band was not analyzed, since its 
associated wavelet duration is higher than the duration of the 
1 s-length evoked response [13]. 

The MSC was computed from -300 to 700 ms from 
stimulus onset to avoid overlapping between trials. Then, the 
MSC was averaged in two windows: (i) the baseline window 
([-300 0] ms from stimulus onset) and (ii) the response 

window ([150 450] ms after stimulus onset). The latter is 
related to P3a waves. 

C. Graph Complexity 

A functional network can be generated using MSC values 
as the weights of the links. Accordingly, the graph nodes can 
be associated to each electrode. In the current research, the 
network is composed by N=30 nodes, which are linked by 
edges with weights wij (i and j denote two different 
electrodes). 

Several attempts have been previously conducted to 
quantitatively evaluate the graph complexity, some of them 
in the context of the information theory [7,15]. In the present 
work, we applied a novel complexity measure to characterize 
a graph: Shannon graph complexity (SGC). To compute 
SGC, it is firstly required to define the graph entropy, H, as a 
measure of the stochastic graph weight distribution. H is 
given by the following formula [15]: 
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where W represents the sum of all weights of the graph and 
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 is a normalization factor to ensure that 0 ≤ H ≤ 1. H 

does not depend on the network size, enabling comparisons 
between studies with different number of nodes. Secondly, 
Shannon graph disequilibrium (D) is defined as the statistic 
distance, in the probability space, between the equilibrium 
distribution and the distribution of the graph under study 
[16]. It is noteworthy that the uniform distribution is 
considered as the equilibrium distribution in Gibbs’ statistical 
mechanics [16]. Thereby, a highly balanced weighted graph 
(as a graph with all weights with the same value) yields 
maximum Shannon graph entropy, Hbalanced = 1, and a low D 
value. On the contrary, a highly unbalanced weighted graph 
yields Hunbalanced ≈ 0 and a high D value. In this study, 
Euclidean distance as used to compute D as follows: 
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D was normalized as in equation (1) to take values in the 0-1 
interval by dividing by its maximum value [16]. 

Finally, SGC was calculated to capture the interplay 
between H and D. This complexity measure considers that a 
graph weight distribution has two extreme states: totally 
balanced and totally unbalanced. Therefore, SGC must be 
close to zero for those two extremes. SGC is then defined as 
follows: 

 SGC = H·D. (3) 

This novel measure simultaneously quantifies the distance 
between the considered graph to both a totally balanced and 
totally unbalanced weighted graph. Classical network 
measures, as characteristic path length (CPL) or clustering 
coefficient (CLC), are strongly influenced by topological 
features [17]. However, SGC are totally independent of 



  

 
Figure 1.  Figure 1. Examples of simple graphs an their values of 

balanced (H) and unbalanced (D) weigh distribution, complexity 

(SGC), integration (CPL) and segregation (CLC). 

 
Figure 2.  Figure 2. SGC values in baseline and response windows for 

each group in theta band (a). SGC change from baseline to response 

window for each group in theta band (b). 

network topology. This idea can be appreciated in Fig. 1 that 
depicts several graphs with their corresponding values of H, 
D, SGC, CPL and CLC. Of note, maxima SGC values are 
obtained by whether the weight distribution is not totally 
balanced or unbalanced (central panels).  

B. Statistical Analysis 

Initially, an exploratory analysis was carried out to 
analyze data distribution. The normality and the 
homoscedasticity of the network parameter distributions were 
tested using the Kolmogorov-Smirnov test and the Levene 
test, respectively. We found that parametric test assumptions 
were not met. Nonparametric test were used to assess 
statistical differences: (i) Wilcoxon signed-rank test was used 
to compare baseline and response SCG values for within-
group analyses; and (ii) Mann-Whitney U-test was used for 
between-group analyses. Finally, the SGC discrimination 
ability was assessed by means of a Receiver Operating 
Characteristic (ROC) curve using leave-one-out cross-
validation (LOO-CV). 

III. RESULTS AND DISCUSSION 

The SGC was computed for the five conventional EEG 
frequency bands in the two windows under study: baseline 
and response. Then, the SGC values in the baseline window 
were subtracted from the SGC values in the response window 
in order to compute the complexity change due to the 
cognitive oddball task. Only results on theta frequency band 
showed significant differences (p < 0.05). On one hand, Fig. 
2.a shows the distribution of SGC values for each window 
group in the theta band. A significant decrease on SGC (p = 
7.78·10-4, Wilcoxon signed-rank test) was obtained in the 
control group from baseline to response window. Although, 
SCH group also shows a decrease in SGC values, 
nonsignificant differences were found (p > 0.05, Wilcoxon 
signed-rank test). Similarly, nonsignificant differences were 
found either in the comparisons between baseline windows 
for both groups or the comparisons between response 
windows for both groups (p > 0.05, Mann-Whitney U-test). 
On the other hand, Fig. 2.b shows the dynamical changes in 
complexity for both groups. Significant differences were 
obtained between the changes on SGC for controls and 
patients (p = 2.49·10-2, Mann-Whitney U-test). These results 
suggest that an important reconfiguration on brain network 
during the cognitive task can be seen for controls. However, 
this change seems to be significantly lower for SCH group.  

In regard with the physiological implications of the 
previous results, our findings seem to indicate three different 
aspects. Firstly, an important deficit on neural reorganization 
can be observed for SCH patients. This result is in line with 
the disconnection hypothesis of SCH, which claims that the 
abnormal underlying substrates in SCH cause the 
dysfunctional integration among neuronal systems [18]. 
Secondly, our results suggest that the network reorganization 
elicited by the cognitive task can be associated with a 
decrease in network complexity. As previously mentioned, 
SGC computes the distance between brain network under 
study and totally balanced and unbalanced networks. In 
addition, H indicates the direction of SGC. For the control 
group, H achieved values of 0.937 ± 0.007 during baseline 
window and 0.945 ± 0.006 during the active response. For 
SCH group, H also showed an increase of weigh regularity: 

0.937 ± 0.009 during baseline window and 0.940 ± 0.008 
during active response. Since H is higher in the response 
window for both groups, brain network increases the weight 
balance during the cognitive task (H = 1 for totally balanced 
weigh networks). This finding is related to the segregation of 
the network. Although most of network parameters, such as 
segregation, are strongly linked to network topology, it is 
usual that more balanced networks obtained higher 
segregation values (i.e. higher CLC values). This issue is 
shown in Fig. 1. A segregated network can be associated with 
a high level of specialization in modules, which is in 
agreement with the network reorganization associated to a 
cognitive task [19]. Finally, the last conclusion is related with 
the only frequency band that showed significant differences 
between baseline and response (i.e. theta). As previously 
mentioned, this methodology is focused on the study of P3a 
waves (only target tones were considered). According to 
previous studies, P3 generation elicits important spectral 
changes during the response window, mainly around theta 
band [19]. Furthermore, low frequencies, like theta band, are 
related to long-range interactions [20]. Consequently, the 
deficit on the activation response of long-range interactions 



  

TABLE I.  DISCRIMINANT ABILITY FOR SGC 

ROC area Sensitivity Specificity Accuracy 

0.752 0.650 0.800 0.725 

 

 
Figure 3.  ROC using LOO-CV for SGC values. 

might contribute to the pathological process [3]. Hence, SCH 
can be linked with an abnormal network reorganization of the 
neural substrates responsible of the P3a generation.  

Additionally, we performed a preliminary evaluation of 
the SGC discrimination ability in SCH by means of a ROC 
curve with LOO-CV (Fig. 3). The main measures related to 
ROC are shown in Table 1. Sensitivity and specificity are not 
totally balanced (sensitivity = 0.650, specificity = 0.800), 
which implies lower value of false positives than false 
negatives, for a balanced population as in this case. In 
addition, SGC parameter achieved an accuracy value of 
0.725. There are few studies that conducted discriminant 
analyses for differentiating SCH and control subjects. For 
instance, Bachiller et al. [21] used linear discriminant 
analysis (LDA) applied to Shannon spectral entropy to 
achieve an accuracy of 0.77. In other study, Sabeti et al. [22] 
used LDA and adaptive boosting with five spectral and 
nonlinear features to classify SCH group, achieving a 
maximum accuracy of 0.91. Although SGC reached lower 
accuracy values than the studies previously mentioned, it 
would be interesting to study whether SGC is complementary 
to other measures and, thus, can increase the reported 
classification statistics.  

There are some limitations that should be mentioned. 
Firstly, it could be appropriate to increase the sample size. 
Thus, the population could be divided into training and test 
groups to provide more robust discriminant analyses. 
Furthermore, it would be desirable to study other natwork 
parameters to explore whether they could provide 
complementarity results to those obtained in the current 
study. 

IV. CONCLUSION 

This study applied a novel network measure based on 
Shannon entropy. SGC quantifies the distance between a 
graph and two extreme weight distributions: totally balanced 
and totally unbalanced weight distribution. The graph 
complexity measure proposed in our study, SGC, is 
nondependent of the network topology.  Therefore, the new 

approach provides complementarity to traditional network 
features and it can show characteristic that could be hidden 
for them. 
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