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Abstract—A wide range of studies treats the brain as a 
structural and functional network using complex algorithms 
and features to characterize the network. However, less effort is 
invested into devising new and more robust ways of extracting 
the networks in the first place. Because network extraction is the 
first step of network analysis, this has tremendous importance, 
determining all subsequent results. This article addresses a new 
method through which the resulting functional networks are less 
dense but still relevant, in the context of visual perception tasks 
and perhaps other ones. The proposed method uses interquartile 
range (IQR) statistics to filter out irrelevant connections 
between cerebral areas. In addition, it relies on the Scaled 
Correlation Function, which enables the estimation of 
correlations on particular timescales. Our results indicate that 
this technique can yield functional networks that are more 
informative, capturing relevant brain dynamics correlated to 
perceptual and cognitive processes. 
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I. INTRODUCTION  

Brain networks, like many other real-world systems, can 
be studied using network science [1], which provides a set of 
quantitative methods for complex systems investigation [2]. 
Functional brain networks can be represented as connected 
graphs, which exhibit dynamicity in time. More precisely, the 
nodes are characterized by some sort of activity evolving in 
time (signal) and have interaction patterns with the other 
nodes in the graph. This results in a set of continuously 
interacting nodes, which can be represented as a time-evolving 
functional network [3].  

Different neuroimaging and neurophysiological methods 
exist to characterize brain activity. The most used non-
invasive methods are the electroencephalogram (EEG), 
magnetoencephalogram (MEG), and functional magnetic 
resonance imaging (fMRI). The EEG/MEG has the advantage 
of a very good temporal resolution even if they have a lower 
spatial resolution compared to other methods (fMRI, etc.) [4]. 
One challenge that comes with the EEG data is that the cortical 
location of the corresponding neuronal activity may be hard to 
determine with confidence [4]. Nevertheless, due to its non-
invasive nature and very good temporal resolution, this 
technique is widely used in brain research.  

In order to study brain function, a model of the dynamic 
interaction of various brain structures is usually built, by 
extracting a functional brain network (e.g., from EEG). 
Dolean et al. [3] investigated several approaches for extracting 

the structure of dynamical networks from the time series based 
on Scaled Correlation Analysis (SCA) [5]. The latter enables 
us to estimate interactions between nodes occurring on fast 
timescales. As shown by Dolean et al. [3], SCA is better at 
extracting meaningful functional networks. However, the 
latter networks are almost fully connected and hard to 
interpret. So far, any attempt to simplify the network was 
limited to taking a percentage of the total links or dropping 
random links until some structure emerged, but such 
approaches are not reliable. Our focus is to address the 
challenge of extracting supple functional networks in a more 
objective manner. This is crucial because the properties of the 
resulting functional network depend critically on this first 
network definition step. 

Our work aims to create a simplified and informative 
functional network starting from EEG data and relying on 
SCA. A simplified (supple) but still informative network 
means a network from which noisy or irrelevant connections 
were removed, while the essential connections involved in the 
perceptual or cognitive process are preserved. We also aim to 
study the similarities and differences between functional 
networks of different brains, in the context of visual 
recognition and for different participants, at different 
snapshots during the experiment. To this end, the extracted 
functional networks can be characterized using graph-
theoretical techniques. The challenge here is to find the 
relevant descriptors of the resulting functional networks that 
could either show similarities or differentiate among the 
corresponding functional networks.  

In conclusion, we aim to create a pipeline that reads and 
preprocesses the raw EEG data, creates the connections of the 
functional networks using SCA, and then filters them using a 
new method based on statistical techniques. The resulting 
networks, built from the remaining links, are visualized, and 
analyzed in the last steps of the pipeline. 

II. RELATED WORK 

Dolean et al. [3] present an analysis regarding the 
relevance of various correlation methods on the same EEG 
data that was used in our study. Scaled Correlation [5], Cross-
Correlation, and Pearson Correlation were investigated as 
methods to decide whether two nodes are functionally 
connected. According to that study, Scaled Correlation was 
better suited for this type of data, since it can estimate 
interactions on fast timescales by means of restricted sampling 
[5]. 



The interquartile range (IQR) is a robust estimator of the 
dispersion of data and can be used to identify extreme values. 
In general, these extreme values can exist because of the 
variability of the measurement or can indicate measurement 
errors that can affect the statistical analysis. The IQR is 
defined as the difference between the upper and lower 
quartiles of the data (Q3 - Q1) and is suitable for 
characterizing symmetric and skewed distributions [6], 
solving some issues that arise when using mean and standard 
deviation.  

Hoaglin [7] presents the outliers as the values that are 
outside the decision range [Q1 - K*IQR, Q3 + K*IQR] where 
K is a scale and has value 1.5 for ‘inner fence’ and value 3 for 
‘outer fence’, but K = 1.5 is more frequently used. An 
appropriate value of K is desired to correctly highlight the 
outliers. However, the appropriate K depends on the 
distribution of the data, and it can be modified to loosen or 
tighten the detection limits. Our aim is to define a method for 
choosing the appropriate value for K per network so that we 
can filter out the weaker correlogram values and keep the 
stronger ones. In this way, we obtain a less dense network but 
with relevant links. 

Sporns [8] and Rubinov et al. [9] describe the construction 
of brain networks and the nature of the nodes with their 
respective links. Brain networks are represented using an 
adjacency matrix with nodes as rows and columns, and links 
as matrix entries. The nature of nodes and links is also 
essential in network analysis. In our case, the nodes represent 
the EEG channels, while the links are correlations between 
their corresponding EEG signals. As the paper mentions, the 
links can be differentiated based on weight and directionality. 
From these perspectives, we analyzed four different types of 
networks: with undirected or directed links and weighted or 
unweighted links (taking their respective combinations). 

Functional network analysis is performed using graph 
analysis. Rubinov et al. [9] and Bullmore et al. [10] define 
metrics for studying and analyzing EEG data using graph 
theory. We used some of these algorithms to analyze our 
functional networks in terms of connectivity, relevance, 
importance of nodes and paths, network density, etc. We 
selected metrics that offer insights at global level (at brain 
level), as well as at local level (at brain area level). 

III. FUNCTIONAL NETWORK CREATION 
This section presents the steps through which a more 

robust version of creating functional networks, compared to 
[3], is proposed and realized. To this end, we started with 
EEG datasets recorded using a Biosemi ActiveTwo system 
with 128 channels [3]. The experiment involved 11 subjects 
who have performed a sequence of visual recognition tasks 
(referred to as trials) [11], recording brain activity and their 
verbal answers. As a result, for each subject there are 210 
trials, each containing a set of events marked by different 
trigger codes. In the context of the current paper, the relevant 
events are the baseline (trigger code: 150), the presentation of 
the stimulus on the screen (trigger code: 129), and the 
participant’s response (trigger code: 1,2,3 - the numbers 
corresponding to the subject’s response: “seen”, “uncertain”, 
“unseen”) (Figure 2). For more details about the 
experimental protocol, please refer [3, 11, 12]. To eliminate 
volume conduction [13], the dataset was preprocessed using 
a Laplace filter [14], which is a high-pass spatial filter that 

enhances localized activity while suppressing the volume-
conducted components. 

The method used for functional network creation is based 
on non-parametric statistics, such as the Interquartile Range 
(IQR) and the median. The purpose is to filter out 
unimportant (weak) network connections or connections that 
are the result of interfering noise. The analysis was conducted 
on the most important three periods (baseline: 0.5s before 
stimulus presentation, stimulus: 1s after stimulus 
presentation, and response: 1s before the subject’s response 
signaled via a button press). The resulting functional 
networks are represented as graphs of different types.  

The end-to-end pipeline of creating the functional 
networks is shown in Figure 1.

Figure 1 - General architecture of the system 

The presented pipeline is created from scratch using C# 
and Python as programming languages, NetworkX library for 
graph generation and operations, and Matplotlib for 
visualization. 

A. EEG signal processing and correlation 

A data processing step was needed because each 
experiment results in a set of continuous signals (there are 128 
continuous signals for each subject). In this step (“EEG signal 
processing”) segments of the EEG signals were extracted on a 
trial level (Figure 2), representing the baseline, stimulus, and 
response periods for each trial. These portions of the initial 
signal were used further to study the connectivity between 
brain areas. 

An important aspect when computing SCA on these 
signals is the timescale of interest, which corresponds to a 
certain frequency band. We focused on a scale window of 25 
ms, which corresponds to the gamma band (30-80 Hz, 
characteristic for cognitive processes). Thus, when computing 
the SCA we selected a correlation (lag) window of +/-80 ms 
(focusing on small delays) and a scale window segment of 25 
ms to keep only correlations between components that have a 
frequency greater than 40 Hz. The sampling rate of EEG 
datasets was 1kHz. 

 
Figure 2 - Extraction of important pieces from EEG signal 

The result of correlating two signals by using SCA is a 
scaled correlogram (see Figure 3), which will further be used 
to define network connections or links. 

B.  Correlogram filtering 

Since by keeping all correlograms, we would obtain an 
(almost) fully connected graph (Figure 6.A) we need to filter 
the links in a meaningful way. As stated by Rubinov et al. [9], 
the weak and irrelevant links may be “spurious” and “obscure 



the topology of strong and significant connections”. Usually, 
these weak links and the negative ones are dropped, as done 
by Dolean et al. [3], often using thresholds or other empirical 
methods that are not always robust and reliable. Therefore, we 
propose a filtering process based on non-parametric statistics, 
such as the median and interquartile range (IQR). The idea is 
to filter out correlograms that may be uncharacteristic to the 
neural activity, caused by different and not necessarily known 
factors. Our method also keeps the negative links (anti-
correlation) since they are relevant in understanding the 
complex dynamics of the brain. For the filtering process we 
used the formula described in equation (1). Here, K is a 
parameter such that a link is validated only if the peak of the 
correlogram between the two nodes’ signals is further away 
from the median than K * IQR. The median and IQR are 
computed on the correlogram values. We tried a range of K 
values from 0 to 10, with an increment of 0.25. In this way, 
we obtained 41 different sets of graphs corresponding to 41 
functional networks. 

We saw that K value influences the structural aspects of 
the functional network, so we proposed in section 4 different 
analysis methods to investigate these changes. 

 |peak – median| > K × IQR 

Usually, when using the IQR method, the values inside 
[Q1 - K*IQR, Q3 + K*IQR] are kept and the outer values are 
discarded as outliers. In our case, we want to keep the higher 
values (outliers) because these indicate stronger correlations 
than the ones that are inside the interval. So, we are taking the 
peak where the value is outside K * IQR from the median. 
Peak and median are calculated independently for each 
correlogram (Figure 3). The absolute peak value is the 
strongest correlation value at time t. This formula is using the 
absolute values because a negative correlation indicates the 
anti-correlation, which is also relevant (most probably the two 
signals come from opposite electrode sites).  

This filtering step can be found in our pipeline by the name 
of “Correlogram filtering based on IQR”.  

 
Figure 3 - Example of correlogram with associated median and peak 

C. Functional network representation using graphs 

To capture as many insights as possible we built several 
types of graphs for functional network representation (in the 
“Functional Network Creator” step). We used undirected 
graphs to capture the link between different brain areas and 
directed graphs to capture the direction of the neural 
information flow. For each of these two graphs, we had two 
subtypes: weighted and unweighted, which are useful to draw 
insights later using graph metrics (see section 4). Usually, 
binary links show the presence of a connection between two 
areas, whereas weighted links show the connection strength 

between those nodes. The weight for binary links is 0 or 1, 
while for weighted links we defined it as the difference 
between peak and median (used in equation (1); see also 
Figure 3). 

Now that we have the weight of the links in the network, 
we need to determine the connection direction. For this, 
another component of the correlogram, called lag, is used. The 
correlogram’s peak position (offset) represents the lag and it 
is used to infer the direction of the edge for directed graphs 
(Figure 3). The lag computation is defined by Dolean et al [3]. 

Because we conducted the study per response type, and 
because the experiment had 210 trials per subject (equivalent 
to 210 graphs), we decided to combine all these graphs based 
on response type, resulting in 3 graphs per subject which are 
easier to analyze and interpret. So, for example, from the 210 
graphs, if we have 80 trials for “unseen” response, 60 trials for 
“uncertain” response, and 60 trials for “seen” response, we 
will obtain 3 graphs, one for each response type. Considering 
that we also have 3 periods within the trial, in the end we get 
3 periods * 3 response type graphs = 9 graphs per subject 
(Figure 6). Merging all the graphs belonging to one response 
type into a resulting representative graph was done using 
graph operations like union, where the resulting connection of 
multiple connections between the same two nodes is 
computed as a sum divided by the number of graphs with the 
same response type. 

IV. DETERMINING THE RELEVANT K  PARAMETER PER 

NETWORK 

This section is focused on the algorithmic methods in 
which we evaluated the relevance of the K value for the 
structure of the functional networks. The analysis was divided 
based on the granularity of the graph algorithm/metric into the 
local analysis, which targets the graph nodes, and global 
analysis, which targets the whole graph. This part can be 
found in our pipeline by the name of  “Metric Analysis”. 

For the global analysis, we used graph density, average 
path length, and average clustering coefficient, like in [3]. 
Although these metrics provided interesting insights, we 
wanted to go a step further and perform an analysis on a node 
level (local analysis). To this end, we used the closeness 
centrality and betweenness centrality algorithms [3, 15]. 

By comparing all these metrics, it turned out that the most 
reliable one for choosing the right K value was betweenness 
centrality (Figure 5). This metric is important because it 
indicates the potential of a node in terms of communication 
control, which in the case of functional networks suggests 
significant points in communication between areas of the 
brain. Applied to a node, it measures how often that node is 
the bridge in the communication between the other nodes, 
knowing that the communication is made through the shortest 
path. 

As seen in Figure 4, the betweenness centrality value 
increased and then decreased as a function of K. This means 
that when the value is low, the nodes in the graph aren’t that 
important in controlling the communication flow, either due 
to the graph being highly connected or being very sparse. On 
the other hand, when the betweenness centrality value is high 
it means that the nodes in the graph are important in terms of 
the intercommunication between different areas of the brain. 
This information is used in choosing the right K value, 
according to our intention to simplify the functional network 



as much as possible, but also to keep as much as possible of   
the relevant functional structure. We chose two values for K: 
one where the centrality had the maximum value (further 
referred to as peak) and one control case, where the centrality 
seems to stabilize after decreasing (further referred to as 
stabilization). These values were then used to extract the 
actual functional network. In this way, we conducted a 
comparison analysis between networks with no filtering (K = 
0), networks at peak (maximum efficiency), and networks at 
stabilization (where the network breaks down) (Figure 6). 

The K value (for the peak) that resulted from the experiments, 
across all subjects, was around 3, which is consistent with the 
one for the outer fence value presented by Hoaglin [7]. A K 

value equal to 1.5 is generating highly connected networks 
which are hard to interpret, so the outliers (K ~ 3) are more 
representative for our use case, where the links between highly 
correlated nodes are more important in network 
communication. 

V. RESULTS  

After determining the relevant K parameter based on graph 
metrics, a cumulative plot was created combining a 2D 
network representation (in the form of the EEG head cap), an 
adjacency matrix representation of the network with the most 
important cerebral areas, and a mean response time scale 
across trials per subject.

 
Figure 4 - Betweenness centrality for Subject 2 

 
Figure 5 - Subject 1 at stimulus (129 + 1s), all metrics 



 
Figure 6.A - Subject 1 network structure at stimulation using no filtering 

 
Figure 6.B - Subject 1 network structure at stimulation using K peak value  

 
Figure 6.C - Subject 1 network structure at stimulation using K stabilization value 



This cumulative plot is created for each combination of the 
experimental conditions (3 response types and 3 periods) and 
for each subject. The 2D network representation is 
highlighting structural aspects like the connectivity amplitude 
between brain areas, the overall density of the network and of 
the individual areas, and the direction of information flow. 

The adjacency matrix shows how many connections are 
between 5 of the most important brain areas considered here 
(occipital, frontal, parietal, left temporal, and right temporal). 
Because we were more interested in how connectivity is 
evolving between areas, and because the number of 
connections within an area is usually much higher than the 
ones between areas, for interpretability reasons (color scale) 
the intra-area connections were removed from the matrix.  

 For the “Functional network visualization” step, we show 
the resulting plots in Figure 4, 5, and 6, based on which we 
can make the following observations: 

 K value directly influences the resulting networks. 
 If the K value is 0, no filtering is applied; the resulting 

functional network is very dense with no considerable 
modification neither across period nor across response  
type (Figure 6.A). 

 If the K value is taken such that the resulting network 
is as efficient as possible, at peak of betweenness 
centrality, then a more pronounced modulation is 
visible, opening more possibilities to study patterns 
related to visual tasks (Figure 6.B). 

 If we push K too much, at a point where the resulting 
network is losing structure and efficiency, we can still 
see some modulation, but it is less insightful (Figure 
6.C). 

 Betweenness centrality is a good metric to choose for 
extracting the K value compared to others which are 
harder to interpret in the context of such a complex 
network (Figure 5). 

 For Subject 1, we see similar matrices between 129+1s 
(stimulus) and 1,2,3-1s (response) periods for the 
“Seen” response type because the response time was 
short and the analysis windows in the trials are 
overlapping (Figure 6.B). 

 The resulting networks using our approach (Figure 
6.B) compared to the ones obtained following the 
procedure from [3] (Figure 6.A) show less dense 
networks while using a more robust method based on 
the IQR method. 

 The observations made on Subject 1 apply across all 
subjects, showing a pronounced modulation, with the 
mention that the involved areas can be different from 
subject to subject. 

VI. CONCLUSIONS 

This article introduces a novel technique for the extraction 
of functional networks from EEG signals and defines a 
procedure that uses graph metrics to objectively finetune the 
density of resulting networks. From a methodological point of 
view, we defined a way to filter out irrelevant connections 
from the functional network using IQR statistics. This results 
in less dense but still relevant networks. From a neuroscience 
perspective, based on the present results, we can see that our 
method highlights interesting aspects, like a clear modulation 

of network density as a function of the cognitive process 
involved (the perceptual state of the subject). Furthermore, our 
results suggest that there are clear differences between 
individuals in terms of how information is processed in the 
same cognitive task. The latter phenomenon deserves further 
investigation using the tools we have introduced in the present 
study. 

ACKNOWLEDGMENT  

The research leading to these results has received funding 
from: NO Grants 2014-2021, under Project contract number 
20/2020 (RO-NO-2019-0504), four grants from the Romanian 
National Authority for Scientific Research and Innovation, 
CNCS-UEFISCDI (codes PN-III-P2-2.1-PED-2019-0277, 
PN-III-P3-3.6-H2020-2020-0109, ERA-Net NEURON 
UNSCRAMBLY, ERA-Net FLAG-ERA ModelDX 
Consciousness), and a H2020 grant funded by the European 
Commission (grant agreement 952096, NEUROTWIN). 

REFERENCES 
[1] Barabasi A.L., “Network Science”, Cambridge University Press, Jul 

21, 2016J. Clerk Maxwell, A Treatise on Electricity and Magnetism, 
3rd ed., vol. 2. Oxford: Clarendon, 1892, pp.68–73. 

[2] Kenett, Y. N., Beckage, N. M., Siew, C. S., & Wulff, D. U., “Cognitive 
network science: A new frontier”, Hindawi, 2020. 

[3] Dolean S., Geiszt A., Muresan R.C., Dinsoreanu M., Potolea R., Tincas 
I. (2017), “A Scaled-Correlation based approach for generating and 
analyzing functional networks from EEG signals”. Proceedings of 
International Workshop NFMCP in conjunction with European 
Conference on Machine Learning and Principles and Practice of 
Knowledge Discovery (ECML-PKDD 2017), Sep 18-22, 2017, Skopje, 
Macedonia. 

[4] Halchenko Y. O., Hanson S. J. and Pearlmutter B. A., “Multimodal 
integration: fMRI, MRI, EEG, MEG”. In Advanced image processing 
in magnetic resonance imaging, Edited by: Landini, L., Positano, 
V. and Santarelli, M. 223–265. Boca Raton, FL: CRC Press (2005). 

[5] Nikolić, D., Mureşan, R. C., Feng, W. & Singer, W. “Scaled correlation 
analysis: a better way to compute a cross-correlogram”. Eur. J. 
Neurosci. 35, 742–762 (2012). 

Code at: http://www.raulmuresan.ro/sources/corrlib/. 

[6] P. J. Rousseeuw and C. Croux, “Alternatives to the median absolute 
deviation,” Journal of the American Statistical Association, vol. 88, 
no.424, pp. 1273–1283, 1993. 

[7] David C. Hoaglin. "John W. Tukey and Data Analysis." Statist. Sci. 18 
(3) 311 - 318, (August 2003). (https://doi.org/10.1214/ss/1076102418) 

[8] O. Sporns, Structure and function of complex brain 
networks. Dialogues Clin. Neurosci. 15, 247–262 (2013). 

[9] M. Rubinov, O. Sporns, “Complex network measures of brain 
connectivity: uses and interpretations”, Neuroimage, 52 (2010), 
pp. 1059-1069. 

[10] E. Bullmore and O. Sporns, “Complex brain networks: graph 
theoretical analysis of structural and functional systems,” Nat Rev 
Neurosci, vol. 10, no. 4, pp. 312–312, (Apr 2009). 

[11] Moca Vasile V., Ioana Tincas, Lucia Melloni, and Raul C. Muresan. 
“Visual exploration and object recognition by lattice deformation”. 
PloS one 6, no. 7: e22831 (2011). 

[12] Moca V.V., Barzan H., Nagy-Dabacan A., Muresan R.C., Time-
frequency super-resolution with superlets. Nature Communications 12, 
337, (2021). 

[13] Nunez, P. L. & Srinivasan, R. Electric “Fields of the Brain. The 
Neurophysics of EEG”, Oxford Univ. Press, USA (2005). 

[14] McFarland DJ. “The advantages of the surface Laplacian in brain-
computer interface research”. Int J Psychophysiol;97(3):271-276. 
(2015) doi:10.1016/j.ijpsycho.2014.07.009.  

[15] Sunil Kumar Raghavan Unnithan, Balakrishnan Kannan, and Madambi 
Jathavedan “Betweenness Centrality în Some Classes of Graphs”, 
International Journal of Combinatorics Volume, Article ID 241723, 
(2014) http://dx.doi.org/10.1155/2014/241723.

 


