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Abstract. Dementia being a syndrome caused by a brain disease of a chronic or
progressive nature, in which the irreversible loss of intellectual abilities, learn-
ing, expressions arises; including memory, thinking, orientation, understanding
and adequate communication, of organizing daily life and of leading a family,
work and autonomous social life; leads to a state of total dependence; therefore,
its early detection and classification is of vital importance in order to serve as
clinical support for physicians in the personalization of treatment programs. The
use of the electroencephalogram as a tool for obtaining information on the
detection of changes in brain activities. This article reviews the types of cog-
nitive spectrum dementia, biomarkers for the detection of dementia, analysis of
mental states based on electromagnetic oscillations, signal processing given by
the electroencephalogram, review of processing techniques, results obtained
where it is proposed the mathematical model about neural networks, discussion
and finally the conclusions.
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1 Introduction

The understanding of how the brain works with the appearance of symptoms of syn-
dromes of progressive pathological deterioration, physiological aging and brain diseases
will allow the development of new therapeutic and rehabilitative approaches; therefore,
it is necessary to focus the research in this field in order to contribute in the identification
of quantitative and specific biomaterials [1], which will allow understanding the
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development of cognitive processes, and therefore know the link between structural,
functional changes and brain dysfunction [2]. Dementia is a degenerative disease of the
central nervous system, which can be described clinically as a syndrome of progressive
pathological deterioration that causes a decrease in the cognitive domain centered on
attention, memory, executive function, visual-spatial ability and language [3].

Currently, the interest of the research with the support of the electroencephalogram
has allowed the detection of cortical anomalies associatedwith cognitive deterioration and
dementia [6, 7]. An electroencephalogram marker provides signals to be processed and
analyzed by nonlinear techniques [3] such as support vectormachines and neural network.

1.1 Types of Dementia and Cognitive Spectrum

Dementia occurs when the brain has been affected by a specific disease or condition
that causes cognitive impairment [8]. According to its cause, there are different types of
dementia; Alzheimer’s disease, Lewy body, fronto temporal dementia, Parkinson’s
disease [4, 9], vascular dementia [10, 11]. In Fig. 1, the advance of cognitive deteri-
oration is illustrated until reaching the spectrum of dementia, which can be seen as a
sequence in the cognitive domain that starts from mild cognitive impairment and ends
with severe dementia, and the period in which the brain is at risk of reaching cognitive
impairment not dementia [3].

In reference to Fig. 1, clinically, mild cognitive impairment is the transition stage
between early normal cognition and late severe dementia and is considered

Early Stage 
Gradual disease

Late Stage 
Severe Dementia 

Almost total dependence and inactivity 
They can not: eat-dress-bathe-recognize family members-understand language 

Middle   stage

Middle Cognitive Impairment 
Lost: memory-attention-information proccessing speed 
Problems: find the right words at a given time 

Normal aging 

Patient presents: clear and restrictive limitations 

Dementia  
Transition Symptoms 

Lost: memory-language-ability to solve problems 
Changes: control of emotions- personality-see things that do not exist 
Cognitive habilyties: thinking-judgment-behavior 

Fig. 1. Spectrum of dementia
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heterogeneous because some patients with mild cognitive impairment develop
dementia, although others remain as deteriorating patients cognitive mild for many
years [12].

1.2 Biomarkers for the Detection of Dementia

Biomarker is an objective measure, which is related to molecules, biological fluids,
anatomical or physiological variables that are concentrated in the brain, which help
diagnose and evaluate the progression of the disease, as well as, the response to
therapies. They analyze the pathogenesis of dementia, predict or evaluate the risk of
disease by providing a clinical diagnosis [13]. For the early detection of dementia,
biomarkers include studies divided into four categories: biochemistry [4, 15–17],
genetics [4, 5, 9, 18], neuroimaging [19], and neurophysiology [4, 5, 9, 14].

1.3 Analysis of Mental States in Function of Electromagnetic Oscillations

Alpha oscillations appear in healthy adults while they are awake, relaxed, and with
their eyes closed. It fluctuates in a frequency range from 8 Hz to 13 Hz with a voltage
range of 30 lV to 50 lV. It decreases when the eyes are opened, by the hearing of
unknown sounds, anxiety or mental concentration [22, 23]. The alpha rhythm is
composed of sub spectral units [24, 25]. It is defined in the occipital1 region, occipital2
[26] and on the frontal cortex.

The frequency of the beta waves oscillates between 13 Hz and 30 Hz, with a range
of voltage of 5 lV to 30 lV. They appear by excitation of the central nervous system,
increasing when the patient puts attention and control, is associated with thought and
active attention, in the solution of concrete problems, reaches frequencies close to
50 Hz; they replace the alpha wave during cognitive decline [22]. They are delimited in
the parietal7, parietal8 and frontal7, frontal8 [26] regions.

The frequency of the theta waves oscillates between 4 Hz to 7 Hz. They pre-
dominate during sleep, emotional stress, creative inspiration states in children and
adults, deep meditation. They are recorded in temporal region7, temporal8 and pari-
etal7 region, pariental8 with an amplitude of 5 lV to 20 lV [22]. In adults, two types
of theta wave are presented according to their activity; the first is associated with
decreased alertness, drowsiness, deterioration and dementia; the second is linked to
activities of mental effort, attention and stimulation [26].

The frequency range of the gamma wave varies from 30 Hz to 100 Hz [22]. It is
recorded in the somatosensory cortex, reflects the mechanism of consciousness, states
of short-term memory to recognize objects, sounds, tactile sensation, particularly when
it is related to the theta wave [26].

The frequency of the delta waves oscillates between 0.5 Hz to 4 Hz, its amplitude
goes from 20 lV to 200 lV. It is generated during deep sleep, waking state and with
serious diseases of the brain, never reach zero because that would mean brain death. This
wave tends to confuse signals from the artifacts caused by the muscles of the neck and
jaw, which is because the muscles are close to the surface of the skin, while the signal
that is of interest originates from the inside of the brain. Before entering the dream state
the brain waves pass successively from beta to alpha, theta and finally delta [22].
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2 Materials and Method

Figure 2 shows the steps of the processing of the signals given by the electroen-
cephalogram; the acquisition of biological signals, reduction of artifacts, extraction of
characteristics, classification and presentation of the signal.

In Fig. 2, the electroencephalogram needs to record successive stages of biological
signal processing to extract significant markers from patients with dementia, so that
these markers reflect the pathological changes in the brain.

The stage of signal acquisition reflects the electrical activity of neurons in the brain
[29]. The referencial assembly of the electroencephalogram is done based on the
international 10/20 system [30–35].

The artifact reduction stage verifies that the recorded signal is affected by the noise
factors. The artifacts are superimposed on the frequencies of the electroencephalogram

Separation of noises and types 
of biological signal artifacts 

Extraction of characteristics of 
the biological signal 

Application of 
linear techniques 

Application of non- 
linear techniques 

Classification of the biological 
signal

Presentation of the biological 
signal based on significant markers 
that denote the state of the disease 

Not  

Acquisition of the biological signal

Electroencephalogram 

Yes 
Are signals with similar 

characteristics diffuse? 

Fig. 2. Stages of signal processing
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signals. These artifacts are divided into physiological: muscle activity, pulse and ocular
flicker [37–39] and non-physiological artifacts: interference noise from the electric line,
sweat [38, 40]: background noise. Processing techniques allow us to overcome this
problem and extract relevant information from the recorded signal. We disseminate the
methods used for the elimination of artifacts: analysis of independent components
[41, 42], wavelet transform [43–45], combined technique of component analysis with
the wavelet transform [46, 47].

The stage of extraction and selection of the characteristics separates the useful
information by means of linear and non-linear techniques. Linear techniques based on
coherence [52] and spectral calculations [36, 48–51] facilitate finding the anomalies
provided by the electroencephalogram [28]. Dynamic non-linear techniques analyze
dynamic information [53–56]. The non-linear methods used are: the correlation
dimension and the Lyapunov exponents [57, 58], to quantify the number of indepen-
dent variables [59]; the fractal dimension, in terms of the waveform used to measure the
structure of the signal [20, 60]; Lempel-Ziv-Welch [61], metric to evaluate the com-
plexity of the signal and its recurrence rate; Entropy methods [20, 21, 56, 62], analyze
the ability of the system to create information.

The techniques for classifying dementia are scenarios that predict the qualitative
properties of the mental state. In Fig. 3, vectors of similar characteristics extracted from
the previous stage are classified into three categories: cognitive impairment, not
dementia, mild cognitive impairment, and dementia. Vectors with similar characteris-
tics are analyzed before being applied to the classifier to avoid overloading the clas-
sifier and reducing computational time, increasing the accuracy of the classification.
These vectors are processed using dimensionality reduction techniques based on the
analysis methods: principal and independent components [63–65].

In Fig. 3, the efficiency of the classification is related to the extracted character-
istics, the classifiers and the reduction of dimensionality. Classifiers: linear discriminant
analysis and support vector machines are efficient methods for classifying brain dis-
orders, such as dementia and epilepsy [63, 64]. The linear discriminant [66] creates a
new variable that combines the original predictors by finding a hyperplane that sepa-
rates the data points representing different classes.

On the other hand, support vector machines, integrate feature vectors with many
components [3], is a problem of convex optimization. They are based on an algorithm
that establishes a hyperplane that optimally separates the points of one class from the
other that have been previously projected in a space of superior dimensionality [67],
has the ability to build the model with a subset of training data. The support vector
machines maximize the marginal discriminant, formulating a solution by Lagrange
methods, the output of its classifier has the following expression.

y ¼ sgnð
XN
i¼1

aiyikðxi; xjÞþ bÞ ð1Þ

Where, it y represents the exit; sgn is the signum function; R is the summation; N
constitutes a set of training patterns; i is the input unit; ðxi; yiÞ are training samples, with
input vectors xi and classes yi ¼ ½�1; 1�;ai � 0; are Lagrange multipliers; b is the bias;
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kðxi; xjÞ is the Kernel function. The two classes are mapped with kernel methods in a
new space of greater dimension characteristics through non-linear measurements [67].

kðxi; xjÞ ¼ exp
� xi � xj
�� ��
2r2

2 !
ð2Þ

Where, kðxi; xjÞ is the function of the Gaussian kernel; exp is the exponential

function; xi � xj
�� ��2 is the Euclidean distance squared; r is the kernel extension

parameter, which expresses a measure of similarity between vectors.
The technique of support vector machines is based on the principle of structural risk

minimization, where the mathematical kernel classification function tends to minimize
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Fig. 3. Scenario about classification processing
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the error by separating the data, minimizing the error in the classification, and maxi-
mizing the margin of separation. This technique is used for the classification of signals,
due to its high precision which makes it insensitive to over training and dimensionality
[64, 68].

The neural network technique is used to: develop non-linear classification
boundaries, information processing, resolution of classification problems, modeling,
association, mapping, interpretation of spectra, calibration and pattern recognition. In
Fig. 4, the artificial neural network is presented.

Figure 4 is based on multilayer models: the one is an input unit (E1, E2, E3, E4,
E5) and no mathematical operations are performed on this unit, it distributes the
information to the first hidden layer, the next one is the hidden layer (O1, O2, O3, O4,
O5) and the last one is the output layer (S). The mathematical technique of multilayer
modeling of the neural network is explained in the results section obtained.

To evaluate the capacity of neural networks, it is permissible to use architectures
corresponding to a multilayer model with a single hidden layer. First, some different
transfer functions should be used in the hidden layer node, two sigmoidal functions, a
logarithmoid function, and the linear function. Secondly, the use of different numbers
of neurons (from one to three) should be analyzed.

Figure 5 shows the Architecture of the technique of a Neural Network, the per-
formance of the network is dependent, among other variables, on the choice of the
processing elements (neurons), the architecture and the learning algorithm.

In relation to the architecture of Fig. 5, the objective of the neural network tech-
nique is to provide a tool that can be used to select the optimal design, which is
obtained by optimizing the neural network itself through the implementation of the
algorithm backpropagation based on available training data.

Fig. 4. Neural network of multilayer type
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3 Results

As work in the future, for the electroencephalogram project based on the processing of
biological signals, we will focus the experimental phase on the development of the
backpropagation type neural network model, the data of the frequencies of the bio-
logical signals alpha, beta, theta, delta, the range provided by the electroencephalogram
will act as training inputs for the neural network.

The mathematical technique of multilayer modeling of the neural network of Fig. 5,
depends on the values considered as input patterns provided by the electroencephalo-
gram, which enter each of the neurons that make up the input unit, the unit that dis-
tributes the information to the next layer called hidden and the last one is the output
layer. Result of the mathematical modeling study, we distinguish the following steps
that demonstrate the validity of the training algorithm: (1) initialization of the weights of
the network with small random values, (2) reading of an input pattern xp :
ðxp1; xp2; . . .; xpNÞ and specification of the desired output that it must generate the net-
work d : ðd1; d2; . . .; dMÞ associated with said input, (3) calculation of the current output
of the network for the input presented; to do so, the inputs to the network are presented
and the output of each layer is calculated until reaching the output layer, this is the
output of the network; the substeps to be followed are described; the hidden net entries
from the input units are calculated for a hidden neuron Oj, with the following formula.

INPUT 
Data entry with different characteristics 

Xp1, Xp2, ……. XpN

Electroencephalogram 

Not 

Yes 

Sum of inputs and weights 

Generation of the output  

Model of the neuron transfer function 

Does the neuron form the 
input to the transfer function? 

Fig. 5. Architecture of the neural network technique
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nethpj ¼
XN
i¼0

wh
jixpi þ hhj ð3Þ

Where, net is the function that is transformed to obtain the output signal of the i-th
node by means of the sigmoid transfer function; h are the magnitudes of the hidden
layer; is the p-th training vector; it is the j-th occult neuron; it is the

P
summation; it N

constitutes a set of training patterns being the number of processing units of the hidden
layer, it is the i input unit, it is the wji synaptic weight of the connection between Ei and
Oj; is the xpi input pattern of the connection between Ei and the p-th training vector and
is the hj minimum threshold that the neuron must reach for its activation, acting as an
input unit. Based on these inputs, the outputs y of the hidden neurons are calculated
using the sigmoid activation function f to minimize the error:

yhpj ¼ f hj ðnethpjÞ ð4Þ

Where, y is the transfer function of the output units of the neuron; p is the p-th
training vector; it j is the j-th occult neuron; they h are the magnitudes of the hidden
layer; f hj sigmoid activation function; net is the function that is transformed to obtain
the output signal of the i-th node by means of the sigmoid transfer function.

Analyzing is that the activation function integrates:

f ðnetjkÞ ¼ 1
1þ e�netjk

ð5Þ

Equation (5), is the sigmoid function, calculates that the output neurons are binary;
it is netjk the neuron, where it is j the j-th occult neuron; it is k the neuron of the output
layer; e mathematical constant of irrational numbers equal to 2,71828.

To obtain the results of each neuron in the output layer, the same is done:

netopk ¼
XL
j¼1

wo
kjypj þ hok ð6Þ

Where, the function of transformation netopk from the p-th training vector and the
output of the neuron of the hidden layer, is calculated by adding the multiplication
between the weight between the neuron of the output layer k and the j-th is neuron is
hidden wo

kj by the transfer function which integrates the output units ypj of the neuron; L
is a set of training patterns being the number of processing units of the hidden layer, j is
the j-th occult neuron; plus the minimum threshold hok that the neuron of the hidden
layer must reach for its activation.
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Based on these inputs, the outputs of the hidden neurons y are calculated using the
sigmoid activation function to minimize the error f :

yopk ¼ f ok ðnetopkÞ ð7Þ

In which, the transformation function yopk from the p-th training vector and the
output of the neuron from the hidden layer, is calculated by multiplying the sigmoidal
activation function f ok ; is netopk the function that is transformed to obtain the output
signal from the p-th training vector and the output of the neuron from the hidden layer.

Once all the neurons have an activation value for a given input pattern, (4) the
algorithm continues calculating the error for each neuron, except those of the input
layer. For the neuron k in the output layer, if the answer is ðy1; y2; . . .; yMÞ, the error d is
expressed as:

dopk ¼ ðdpk � ypkÞf o0k ðnetopkÞ ð8Þ

Where, it dopk calculates the error in the output layer; ðdpk � ypkÞ represents the
linear output; the f opk function is derivable; it’s netopk the neuron in the output layer.

For the neuron k in the output layer with respect to the sigmoid function in
particular:

dopk ¼ ðdpk � ypkÞypkð1� ypkÞ ð9Þ

Where, is ypkð1� ypkÞ the result of the derivative of the function f o
0

k .
If the neuron j is not an output, then the partial derivative of the error can not be

calculated directly. Therefore, the result is obtained from known values and others that
can be evaluated. The resulting formula is:

dhpj ¼ xpið1� xpiÞ
X
k

dopkw
o
kj ð10Þ

Where, the calculation of the error between the p-th training vector and the j-th
occult neuron dhpj is obtained by multiplying xpið1� xpiÞ which is the derivative of the

function f o
0

k by the sum of the multiplication between the error of the output layer dopk
by the weight comprised between the neuron k of the output layer and the j-th hidden
neuron wo

kj.
Also, the error in the hidden layers depends on all the error terms of the output

layer; so it is determined that the error must be propagated from the output layer to the
input layer, which is possible using the backpropagation algorithm.

The error in a hidden neuron is proportional to the sum of the known errors that
occur in the neurons connected to its output, each multiplied by the weight of the
connection. The internal thresholds for the neurons adapt in a similar way, considering
that they are connected with weights of auxiliary inputs with constant value.
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To update the weights, (5) a recursive algorithm is used, starting with the output
neurons and working backward until the input layer is reached. These weights are
adjusted in the neurons of the output layer with:

wo
kjðtþ 1Þ ¼ wo

kjðtÞþDwo
kjðtþ 1Þ ð11Þ

Where, is wo
kj the weight of the neuron from the output layer k to the j-th neuron of

the hidden layer; it is ðtþ 1Þ the entry from the last layer; represents ðtÞ the current
entry; is Dwo

kj the variation of the weight of the output layer k towards the j-th hidden
neuron, which is calculated as follows:

Dwo
kjðtþ 1Þ ¼ adopkypj ð12Þ

Where, the variation of the weight of the output layer Dwo
kj is calculated by mul-

tiplying the learning rate a by the sigmoid function dopk by the transfer function ypj
which integrates the output units of the neuron.

The weights of the neurons of the hidden layer are calculated with:

wh
jiðtþ 1Þ ¼ wh

jiðtÞþDwh
jiðtþ 1Þ ð13Þ

Where, is wh
ji the weight of the neuron of the j-th neuron of the hidden layer towards

the input unit ðiÞ; is ðtþ 1Þ the entry from the j-th neuron of the hidden layer; represents
ðtÞ the current entry; is Dwh

ji the variation of the weight of the neuron of the j-th neuron
of the hidden layer towards the input unit ðiÞ, which is calculated as follows:

Dwh
jiðtþ 1Þ ¼ adhpjxpi ð14Þ

Where, the variation of the weight of the output layer Dwh
ji is calculated by mul-

tiplying the learning rate a by the sigmoid function dhpj by the input unit xpi.
In both cases, to accelerate the learning process, a learning rate a equal to 1 is

included, and to correct the error address, the following term is used for the case of an
output neuron:

cðwkjðtÞ � wkjðt � 1ÞÞ ð15Þ

And to correct the address of the error of a hidden layer, with a rate c less than 1,
the following term is used:

cðwjiðtÞ � wjiðt � 1ÞÞ ð16Þ
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This process (6) is repeated until the error term Ep is acceptably small for each of
the learning patterns:

Ep ¼ 1
2

XM
k¼1

d2pk ð17Þ

Where, it M constitutes a set of patterns that accelerates the learning process; is p
the p-th training vector; it k is the neuron of the output layer.

4 Discussion

From the analysis of the biological signals emitted by the electroencephalogram with
respect to the mental states, it is concluded that until adulthood, the frequencies of the
delta and theta waves decrease, while those of the alpha and beta waves increase
linearly [27].

We have investigated functional connectivity with electroencephalogram and brain
networks in patients with neurological diseases in general, arriving to determine that
certain patients show different characteristic patterns of functional connectivity and
alterations of the network; more specifically, in the future we will focus on the
application of the algorithm based on the massive parallelization of neural networks to
model and process the data obtained with the electroencephalogram, in such a way that
the extracted information contained in the signal can be compared to classify the signal
between two or more classes, which allows to determine patterns that facilitate the
identification of signs of Alzheimer’s disease called dementia.

From results obtained, what can be evidenced is that the computational learning
method of vector support machines allows finding a hyperplane that separates multi-
dimensional information perfectly into two classes. However, because the data is not
generally linearly separable, this learning method introduces the notion of
kernel-induced characteristic space, which transforms the information into a higher
dimensional space where the data is separable. The key to vector support machines is
that this higher dimensional space does not need to be treated directly, so the resulting
error must be minimized.

On the other hand, the development of neural network models of backpropagation
type, is based on a structure of neurons joined by nodes that transmit information to
other neurons, which give a result by means of mathematical functions. The neural
network learns from existing information through some training, a process by which its
weights are adjusted, in order to provide an approximate result close to the desired one.
In addition, it is noted that the backpropagation algorithm uses the descent method by
the gradient and performs an adjustment of the weights starting with the output layer,
according to the error committed, and proceeds by propagating the error to the previous
layers, from back to forward, until you reach the layer of the input units, denoting your
ability to organize the knowledge of the hidden layer so that any correspondence
between the input unit and the output layer can be achieved.
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5 Conclusions

To understand or design a learning process in any of the cases, method of vector
support machines or neuron network, it is necessary: (1) a learning paradigm supported
by the information provided by the electroencephalogram, (2) learning rules that
govern the process of weight modification, (3) a learning algorithm.

The vector support machines are constructed based on a convex function, so that a
global optimum is obtained and allows the construction of its dual formulation.
Another great advantage is the ability to model non-linear phenomena by using a
transformation of the space of origin to a larger one. On the other hand, it has limi-
tations, when working with numerical data it is necessary to transform the nominal
attributes to a numerical format. There is no kernel function that is better than all. The
use of different kernel functions can determine different solutions, so it is necessary to
be determined to solve each particular problem.

Result of the analysis of the readings on neural networks as a work in the future, the
backpropagation algorithm will be applied, with a layer of five input units, a hidden
layer with five neurons and an output layer with a neuron. For the tasks in the hidden
and output layers, the classifier of the neural network will be integrated by bipolar and
unipolar sigmoid functions, respectively, as a decision function; on the other hand, we
will normalize the weights and the entries. We will determine the most effective set as
well as the optimal length of the vector for the high precision classification. By min-
imizing the error, we optimize the number of neurons in the hidden layer to five. The
weights and the slope of the sigmoid function will be trained. Appropriate times and an
appropriate learning rate will be considered, in order to reach an optimal classification
accuracy, that are within the ranges of the frequencies of the biological signals alpha,
beta, theta, delta, gamma.
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