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Abstract: Cognitive function in the human 
brain can be evaluated through the use of 
EEG signal processing and evaluation.  
Although traditionally the interpretation of 
these signals have largely a manual effort, 
as computing power has increased, so to 
have the application of computational 
methods to the evaluation of these signals.  
One computational method has been the 
application of the Artificial Neural Network 
to EEG evaluation.  Recently, a 
revolutionary computational model, 
Hierarchical Temporal Memory has 
become available for research.  This model 
itself is an attempt to replicate the 
structural and algorithmic properties of the 
neocortex in the human mind.  It is the 
application of this model to the evaluation 
of EEG signals that is the subject of this 
research.    
 
Introduction 

From the time when Alan Turing 
published his article entitled “Computing 
Machinery and Intelligence” in 1950, we 
have been artificially constrained in our 
definition of “can machines think?”  This 
question was posed by Turing [16] 
himself, but within the same article, he 
then goes on to provide a narrative on the 
reasons why they do not, but in doing so 
established what we now refer to as the 
“Turing test”, a test used to determine 
artificial intelligence in a computer.  
There are times when it is the opinion of 
this author this test limits us in how we 
define an intelligent machine.  What is 

most fascinating about Turing’s article, is 
his belief that 50 years hence from the 
publication of the article, in a controlled 
experiment as presented by his article, we 
would be hard-pressed in distinguishing 
the difference between a human and a 
computer during an interaction between 
them and another person.  If the definition 
is strictly applied, we are not nearly as 
advanced as is required to pass the Turing 
test. 

That does not mean we have not 
created intelligent computers, for we 
have.  We have developed intelligence, 
for there are expert systems which aid us 
in our daily lives and there have been 
advances in software such that computers 
are able to provide assistance to humans.  
We have “given” computers the ability to 
solve complex mathematical problems, 
the ability to process data and to even 
defeat a chess grand master, but they are 
limited to the problem for which they are 
programmed to solve, nothing more, and 
nothing less.   

We have created artificial neural 
networks.  Even the name used attempts 
to associate this with that of the human 
mind.  Although they are modeled after 
some of the low level, basic function of 
the human cognitive processing, they too 
are simplistic in their view on how the 
human mind functions. 
 
 
 
 



  D2.2 

EEG and Computational Methods 
Over the years various methods 

have been developed in order to “see” 
inside the human mind to learn how it 
functions.  This has not been easy and has 
not always met with success.  One 
method of monitoring brain function is 
the use of an electroencephalogram or 
EEG.  Our brain produces 
electromagnetic waves which can be 
“captured” using a network of sensors 
placed on a person’s scalp.  The waves 
are captured as signals, which can be 
evaluated, the evaluation used to connect 
some process to specific areas of the brain 
or to identify some aspect of cognition or 
even the absence of what is expected.  We 
have learned, based on observation, 
which areas of the brain become 
stimulated when participating in 
activities, problem solving or general 
cognitive activity.   

In the multitude of papers written 
and reviewed concerning the 
computational evaluation of EEG signals, 
one of the common methods is the use of 
traditional artificial neural networks 
(ANN).  ANNs have been used to 
correlate EEG signals to depression, the 
classification of EEG signals, the 
application of EEG signals in the 
determination of coherence and in the 
determination of someone’ s mental state, 
to name but a few applications of ANNs.  
The majority of these neural networks 
were designed using well documented 
methods, mathematical models which 
have proven to be reliable.  The idea of 
the neural network is the evolution of the 
perceptron by Dr. Rosenblatt [7].  
Although commentary by Minsky 
retarded advancements in ANN research 
for a period of time, with the advent of 
back-propagation multi-layer neural nets, 
research is again moving in a forward 
direction.  Artificial neural networks have 

been extensively applied in the field 
psychology. 
 
Behavior Patterns 

In order to determine where 
cognitive function originates, subjects 
engage in various thought inducing 
experiments or sometimes, are 
participates in games.  One such game 
involves reward and punishment.  There 
are numerous significant studies 
addressing the concept of reward and 
punishment in which the brain is 
evaluated while the individual is engaged 
[9, 13, 14].  EEG signals are used to 
correlate the receipt of a reward or 
punishment with brain activity, isolating 
signals which could be directly attributed 
to a specific result.   

Studies indicate individuals who 
participate in these experiments do 
exhibit behavioral patterns favoring the 
modest, consistent reward [9, 13, 14].  
There is a balance between the Behavioral 
Inhibition System (BIS) and the 
Behavioral Activation System (BAS) 
which is shown by these studies, but there 
is a deviation from the expected norm 
which may be correlated to psychopathy, 
specifically depression.  Specific studies 
have lead to the conclusion depressed 
individuals have an increased sensitivity 
to negative stimuli and do not experience 
reward as reinforcing.  EEG signals 
become associated with specific regions 
of the brain while the individual is 
participating in the reward / punishment 
game.  In a study by Schutter [14], it was 
found the ratios of signals provided a 
predictive method for imbalanced 
motivational processing.  And these could 
be correlated back to depressed states 
exhibited by the individuals. 

By evaluating the generated EEG 
signals during a game, would it be 
possible to determine if a person was in a 
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depressed state?  There is a unique aspect 
of individuals who may suffer from 
various forms of psychopathic illnesses, 
they may react to reward and punishment 
differently than those who appear to react 
as one would expect.  Again, the later 
implies how a "normal" person would 
react and that is not correct.  Based on 
experimental data, behavioral patterns 
have been documented where individuals 
will choose a behavior which provides 
them with a reward as opposed to 
punishment.  In one observation, a 
smaller, but consistent reward was 
preferred over a larger reward, which was 
inconsistent and associated with a larger 
punishment.  
 
Hierarchical Temporal Memory 

The neocortex in humans is 
associated with such tasks as visual 
pattern recognition, understanding 
language and object recognition and 
manipulation.  These are just some of the 
basic tasks which we engage in on a daily 
basis, allowing us to function in our 
world, yet with all of the advancements in 
computer hardware, software and 
computing in general, computers are still 
incapable of cognitive function.  The 
neocortex is the structure in the brain 
which is assumed to be responsible for 
the evolution of intelligence.  If applied to 
computers, then there is the possibility of 
building computational models which 
could equal the performance of a person 
for some cognitive tasks.  Pattern 
recognition is one of those tasks and EEG 
signals are patterns.   

The Hierarchical Temporal 
Memory (HTM) model is an attempt to 
replicate the structural and algorithmic 
properties of the neocortex [11].  
Although there are some similarities with 
Bayesian Networks, the HTM model 
really should be viewed as a memory 

system.  The HTM can also be compared 
to traditional Artificial Neural Networks 
(ANN) in that they contain input, have 
nodes which process, the nodes are 
connected and a result is given.  How 
they learn, how they provide a result and 
how the nodes “resolve” removes any 
connection to ANNs. 

A unique aspect of this memory 
system is discovery.  For the HTM to 
learn, it must discovery “causes”.  These 
causes are part of a defined “world” and 
the network “senses” these causes.  The 
HTM receives these as patterns and 
provides “beliefs”.  These beliefs are 
probabilities for each of the learned 
causes.    The basic structure of an HTM 
is a hierarchy of nodes, with the bottom 
nodes as the receptors of the sensory data.  
Each node will perform the same learning 
algorithm as it attempts to discover the 
cause of the input.  Beliefs also exist at all 
levels and each of these levels 
communicates with each other, both up 
and down the hierarchy.  

A central reason which is evident 
in the papers for the efficiency of the 
HTM in discovering causes and its ability 
to inference is directly related to a world 
which has a hierarchical structure.  It has 
been shown objects in the world and their 
associated patterns generally have 
hierarchical structure which can be 
exploited by the HTM’s hierarchy model. 
 
Research Model 

The hypothetical model under 
consideration is the application of the 
HTM computational model to the 
classification of EEG signals.  Although 
the current desire is to recognize EEG 
signals which could be used in the 
classification of a depressed state, this is 
not necessarily the only option.  There is 
the possibility that a simple classification 
of known EEG signals may be sufficient.   
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Under the assumption of the prior, 
the EEG signals would be obtained from 
an available source.  The EEG signals are 
available in various file formats which 
can be read by software packages.  The 
availability of this data needs to be 
explored, but a preliminary search 
indicates there are public repositories of 
EEG data.  Once obtained, the next step 
would be the processing of these signals 
using the EEGLAB module which is 
available for MATLAB from the UC San 
Diego [5, 15].  A common approach is the 
use of Fourier Transforms.  A search of 
literature indicates there are other 
methods which need to be explored.  The 
specifics have not yet been determined, 
but the objective is the production of a set 
of data elements which will form the 
input sensory data for the HTM.  The 
HTM would then discover causes within 
the data leading to beliefs and the 
inference of depression or some other 
predetermined result. 

The Hierarchical Temporal 
Memory is an attempt to replicate the 
structural and algorithmic properties of 
the neocortex.  The intended use of the 
HTM model is to develop more advanced 
artificial intelligence, doing so by first 
understanding how the human brain 
functions.  It is a different approach. If 
success is found using this computational 
model, it is possible artificial intelligence 
will move to a new level, aiding in a 
better understanding of human cognition. 
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