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Abstract

Learning is an essential part of human life. In it, our sensory organs and neural networks
participate and integrate emotional behaviors, indagative and persuasive abilities, along
with the ability to selectively acquire information, to mention a fraction of the media used
in learning, converge to it. This study presents the results of the observational monitor-
ing of behaviors, displayed by teams of students in learning processes, their interactions,
representing them as series of time. These time series contain the dynamics of learn-
ing: weak, average, and chaotic, differentiated by the control parameter (connectivity)
that is increasing respectively. The exponents of Lyapunov, the entropy of Kolmogorov,
the complexity, the loss of information for each series, and the projection horizon of the
processes are calculated for each series. The results, approximate, show that the chaotic
dynamics propitiate the learning, given that there is an increase of connectivity within
the teams breaking patterns or behavioral stereotypes. The entropic character of connec-
tivity allows estimating the complexity of this human activity, exposing its sustainability,
which brings irreversible conflicts with nature, given that the universe of nonequilibrium
is a connected universe. Finally, the analysis model developed is historically contextual-
ized, in first approximation, in some ancient civilizations.

Keywords: learnings, time series, Lyapunov coefficients, entropy, sustainability

1. Introduction

When confronting the diverse experiences of daily life, the human being concludes on the
ways of acting that are adequate to get away from unpleasant situations and that place him
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in conditions of greater well-being and joy. The emotions are numerous and very complex
that command the different ways of reacting. Thus, for example, when faced with an event
or element that bothers us or that does not give us pleasure, we can react by moving away or
try to find a solution or other strategies that translate into behaviors, which will change the
situation that face. Of those diverse experiences and circumstances that a person has gone
through, of the dissimilar emotions that have produced him and of the multitude of decisions
that a person has taken, some left in the person more profound mark than others [1]. And it is
by that experience and how we have reacted before it is that it becomes the basis of reference
for multiple decisions in the future, and therefore, they go on to form the baggage of a per-
son’s behavior pattern. From the above, it is clear that emotions have an enormous influence
on learning [2, 3]. Emotion plays an important cognitive role [4-6]: the knowledge of life and
the universe is not only intellectual, since the subtle nuances of it are provided by emotion. In
effect, emotions enrich human knowledge by broadening the background, too rigorous and
symmetrical, of purely intellectual concepts. Emotions are the other way of knowing about
the world and themselves [6].

The learning process should give value to facts, people, and situations, shaping the initial
contextualized condition, according to its influence on emotionality, given its natural impact
on the learning of people. This value assignment manifests itself, neurobiologically, in atten-
tional and perceptual selection [7, 8]; in the selection that is remembered by long-term mem-
ory and in the perception that dispositions and attitudes are “felt” as more appropriate [9, 10].
The value assignment makes learning sustainable over time. Thus arises the question that, to
some extent, gives the pattern to the title of this chapter:

Is it possible to construct mathematical indicators, appropriate to be measured, that inform
about the sustainability [11] of a learning process and that consider the influence of emotions
in the induction of behavior patterns?

2. About the study sample

To investigate an answer to this question, we considered a sample of students who take the
course of Classical Mechanics Laboratory parallel to the theoretic class of Classical Mechanics.
These subjects are dictated by a higher education institution for students of the Common Plan
of the Engineering area. The sample is constituted by 240 students distributed in five theoreti-
cal courses, with an average of 40 students.

The collaborative learning process that is analyzed relates to the Classical Mechanical
Laboratory courses whose content base of 12 experimental activities, each of 90 minutes, pro-
grammed during a semester. A “typical” laboratory course was formed by 12 students, which
grouped into four teams of three students each. The creation of teams of only women, only
men, and mixed were encouraged to study, also, the relationship between gender and learn-
ing in science. The selection of the courses is made without any other a priori criteria (notes,
social origin, and others). The achievement of significant learning is examined through labo-
ratory reports developed and delivered periodically by the teams of students for each activity
plus two cumulative tests with questions about alternatives and development.
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The students correspond to their vast majority (90%) to the first family generation in entering
higher education.

3. Initial condition: Facing stereotypes

3.1. The search for feeling good

The abandonment of chaotic behavior is at the beginning of human life (and can be translated
as loss of entropy), but chaos is inherent to the environment (in life itself), which interprets as
the physiopathologic loss of the adaptive possibilities in the neuronal system. This abandon-
ment is an aspect that is not considered or considered irrelevant in a development framework,
human and institutional, symmetric or homogeneous, that assumes the predictability of the
processes (according to a linear approach) as a norm [12]. From the perspective of human
activity, the reduction, in the short term, of anguish, anxiety, stress, and the wear and tear of
unpredictable events is positive.

Modern society has turned this search into a pattern, in which it pigeonholes everything it
deems necessary and too often regardless of its falsity or truth. This imperative of linear-
ity and symmetry, which seeks to minimize the costs associated with risks, informs us and
shapes the meaning of the world [12] by skewing learning. It makes us see, in a noncommuta-
tive world, commutativity in events, in the manner of algebra and linear physics. Thus, life
experience and teaching associate the built order with “feeling good” [12], encouraging and
stimulating behaviors. It follows then that the uncertainty bias permeates all relational forms
[13, 14]. The connectivity carried by this road will have stability in relatively short periods of
time, collapsing due to unresolved tensions that are incubated in its interior (truth and false-
hood). The prolongation in time of relational forms will necessarily require the intervention
of elements either internal or external, which can interpret as the basis of mythical, mystical
conceptions [15] and of certain justifications that they misuse religion.

3.2. The history of personal experiences in the development of behavior patterns

Based on the experiences and how it reacted previously, experiences become the basis of refer-
ence for various future decisions: they constitute the stock of behavior patterns of a person. The
construction and use of the contextualized initial condition seek to place these “certainties” in
interdiction. Since everything life accepts and creates a bond, it will always be dependent. Two
people who apparently do not need anything from each other could not form a relationship.

The way in which the human being reacts, either his way of acting, feeling, or acting, is governed
by a series of external guidelines, which society accepts. Much of the behavior of human beings
islearned, that is, acquired through interaction with the community in which it grows and devel-
ops [16, 17]. This means that the various groups in which he has been interacting have transmit-
ted his guidelines and behaviors to react to the stimuli he receives from the environment.

In the United States in the decade of the 1990, Chaos Theory was essentially used to solve or at
least canalized racial and social conflicts that expressed in the form of school violence in schools
that correspond to marginal environments, such as immigrant communities. It developed a
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particular interest in the problems of educational organization and administration in these con-
texts. Thus, some authors [18, 19] carried out a nascent pedagogy of chaos from the theory of
the same name and have used it in the resolution of determining problems of school organiza-
tion and administration in unstable, violent, and conflicting educational system.

The close relationships between behavior patterns and ideas and attitudes are what have moti-
vated anthropology to study how culture influences the development of personality. From the
perspective of the chaotic model applied to the study of learning [20], the stimulus is a contextu-
alized initial condition (CIC). The stimulus (CIC) is susceptible to construction and appeals to the
history of past — present — future experience of a sample of individuals with similar life experi-
ences. The narrative to be constructed can be in the form of a short demonstration experiment,
short length videos, interaction between the teacher and the student teams through questions
that emphasize unexpected relationship events, and so on. The achievement of identity with the
contextualized initial condition favors the development of positive or negative emotions propi-
tiating adaptive behaviors.

3.3. Visual narrative: A way to approach the breaking of stereotypes

The visual narrative used is explained in the outline below. This appears divided into three
fundamental sequences, as shown in the diagram:

NARRATIVE (of the order of 90 seconds)

Emphasis on transversal objectives Irreversible processes
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Sequencel Sequence 2 Sequence 3

Videos with a duration of 30 seconds, transmit values, Stress with patterns of behavior and search forappropriate behaviors Horizon of predidability
connectivity, Positivity / Negativity

For the first phase on the left-hand side, three or four different or nonhilarious videos presented
by the experimental activity will be carried out (each of no more than 10-15 seconds), which
has the purpose of presenting transversal objectives such as respect for others (my actions bring
consequences to other people and the environment). A question session (student-teacher) held
regarding the connectivity of the events was witnessed. It seeks to stimulate curiosity but
stressing the ideal of the world in which we believe we live. A predictable world manufactured
in the technique to which we associate states of emotional hope.

In the middle of the picture is the real world, of irreversible processes, dominated by nonlin-
ear dynamics, that is, chaos or fractal nature is the world of nonlinearity. Our version of life
floats in that sea of irreversibility. This version means a low horizon of predictability.
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Given this, our behavior patterns lead us to the illusion that the problems do not touch us or
that they will resolve themselves, which is impossible. The collapse between what is learned
and what is needed to face situations of high uncertainty manifested in behaviors of anger,
crying, denial, impotence, stupor in the face of disaster, frustration, avoidance of error, indif-
ference, etc., all emotions that do not contribute to solve the problem.

A convenient approach to this world is to arrange the measuring instruments being used in
the experience chaotically, in such a way that through self-organization and the emergency
originates an order that leads us to a possible solution in the form of discovery. Once again,
the questions (student-teacher) regarding what you want to measure and how to dispose of
the instruments should be the guide to the solution (in a playful way).

Finally, the final section of the video exposes a logical sequence of the disposition of the
equipment to reach the objective of the activity.

The proposed sequence modifies the standard way in which the system promotes learning, given
that as Albert Einstein said: “It is impossible for us to solve problems using the same procedures
that generated them.” The contribution of new generations, living the prevailing complexity,
with a new understanding of sustainability based on connectivity is fundamental. All activity
carried out by the human being entails, irremediably, error. These errors range from measuring
instruments (scale of measurement, calibration, seniority, etc.), user expertise, treatment of sig-
nificant figures, statistical analysis of measured values, and interpretation of measurements to
the relationships between them. Therefore, this procedure is inherent to any experimental activ-
ity, and in general, we should say of any human activity. Performing activities that are keeping
with the way our brain works reduces anxiety, tension, frustration, and fear.

4. Chaos and learning

The fundamental idea underlying this approach to meaningful learning is that chaos makes
life and intelligence possible, since the brain is a nonlinear product of a nonlinear evolution on
a nonlinear planet [21]. The brain is an unstable system that nevertheless leads and achieves
the formation of new orders, as well as chaotic actions [21]. The brain has evolved to become
so unstable that at the smallest stimulus, external or internal signal, it can encourage behav-
iors that represent a healthy break with historical behavior patterns favoring the emergence
of an innovative and creative order [22].

A pattern of behavior emerges, once a narrative is recognized in a context. It allows us to
optimize our human resources such as physiological, emotional, and rational, by freeing our
attention and focusing on those events that burst without us having a collection of proven
answers. The irruption of events in scenarios of high complexity [23, 24], created by human
activity and progressively intensifies, exposes the weaker side of the human condition: the
reserve of learning reactions is shown to be inoperative or too small.

Paradoxically, the built society model is fundamentally reductionist since the fundamental
parameter of control is the economic one, a variable that has unleashed a form of economic
"complexity” that has the planet as a great dump of the waste of human activity and technology,
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garbage. This event is an irremediable "consequence" of all actions, transforming itself, its
growth and treatment, and it is a process of very high complexity that very few assumed. At
present, propitiate learning, regardless of how connected and globalized they are, from this
petty perspective based on consumption without any responsibility to the planet, generates
entropy or progressive disorder in nature, stretching it to its limits.

5. Construction of an approach to a chaotic learning model

5.1. Variables to observe

The “typical” performance matrix per student team is divided into small time intervals until
the 90-minute class is completed. The observation focuses on the behaviors displayed by stu-
dents in the process, for which six fields of generic behaviors were typified: Inquiry (IND),
Persuasion (PER), Positivity (POS), Negativity (NEG), Internal Information (II), and External
Information (IE). Each field contains a set of 13 behaviors, which assigned a numerical range
from —6 to +6, as shown by the scheme N°1 for example of Positivity and Inquiry [25-27]:

This hierarchy determines a total of 78 behaviors for the six behavioral fields to observe dur-
ing the 90-minute session.

To consider the interactive behavior of the team’s constituent students, a time of 5 seconds
was granted, which gives a total of 1080 rows of data divided into two columns. A column is
the time input at intervals of 5 seconds to complete 5400 seconds, and the other is the numeri-
cal coding according to the observed behavior displayed by the team.

To construct the proportions X = IND/PER, Y = POS/NEG, and Z = II/IE, the data are divided
locker by locker, for the same time, between the Inquiry and Persuasion, Positivity and
Negativity, and Internal Information and External Information, using the six different value
tables built (Table 1).

Codification t (min) Inquiry
6 |Interprets behavior
5|Group in tables of values 0
4|To size 9
3 |Calibrate a measuring instrument 18
2 |Characterize measurements variables 27
1[Explore 36
0|Neutro 45
-1|Do not explore 54
-2 |Not characterize measurement variables 63
-3 |Not calibrate a measuring instrument 12
-4 |Do not measure 81
-5 [It does not group in tables of values 90
-6 |Does not interpret

Table 1. Illustration of a table with the inquiry behavior and its coding taxonomy.
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5.2. Experimental procedure

Two laboratory classrooms were used to record the observations, with two video cameras
located in each one. Each camera records sound and image by storing the information on
external hard drives. The cameras were positioned at the height of 1.8 m fixed to the wall and
in such a way as to completely cover the student teams. Previously, a document was created
that requested the student’s authorization for the filming, which had to be signed by each one
of them. Noted that during the filming process, the behavior of the students did not alter the
presence of the cameras. In one room, the experimental group to which the initial condition
was applied, while in another room, the control group develops its activities with no initial
condition. At the end of the lecture session, the collected information is saved indicating the
date, time, actively developed, and course.

5.3. Team to collect the information recorded in the videos

Any measurement or data collection instrument must collect two essential requirements:
validity and reliability. In general terms, validity refers to the degree to which an instrument
measures the variable it intends to measure. Validity is a concept from which different types
of evidence have related [28, 29]. This evidence is the content (the degree to which an instru-
ment reflects a specific implicit domain that is measured), criterion (validity of an instrument
of measurement compared with an external judgment), and construct (quality of measure-
ment related consistently with other measurements according to hypotheses derived theoreti-
cally and that concern the measured concept).

The reliability of the instrument is the degree to which its repeated application to the same
subject or object produces the same results. If the correlation between the results of the
different appliances is highly positive, the instrument is considered reliable (in psychomet-
rics, Cronbach’s alpha [30] is a coefficient used to measure the reliability of a measurement
scale).

Applying the Hypothesis Testing (or dokimasia) to the tables of measurements of each one
of the variables under observation, we could know if the measurement instrument calibrates
from the accuracy.

The procedure for extracting information from the videos of the sessions was divided into
two parts: Theory and Praxis.

From the theoretical point of view, the observers trained in the graduation of behaviors
for the fields defined in this research: Inquiry, Persuasion, Positivity, Negativity, Internal
Information, and External Information. This graduation of the behaviors for Positivity and
Inquiry is illustrated in Scheme 1. Is it possible to do a finer gradation? Obviously, it is.
Similarly, it noted that a specific exploration of facial gestures was not performed (frowning,
opening or closing the eyes too much, changing the line of the mouth, and so on and so forth)
[31-33]. It is a subject that opens a future work.

From practice, each component of the team in charge of registration, consisting of four people,
gives independently the same scene (image and sound) of some of the videos captured of the
activity carried out by the students. This brief scene, of the order of 10 minutes, is numerically
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Scheme 1. It indicates the domain of double polarity and the coding scale, in its dual polarity, of Positivity and Inquiry,
with its 13 associated behaviors.

coded according to the behaviors observed in the same field. In general, the coding tables
have 1080 rows, separated by intervals of 5 seconds. Once this process is finished, the four
tables generated are analyzed by the psychologist and a statistician who study the convergen-
ces and divergences between the measures: the guideline, in the form of feedback, given to the
observers is to identify the actions that promote relationships within the team. Gradually, the
times of study of scenes are extended, until covering the session of complete learning about
90 minutes. The comparative analysis of the measures is the one that indicates if the instru-
ments (the observers) present similarity in their registers [27]. After a work period of about 1
month, it was possible to certify that the observers were calibrated and reliable “instruments”
(results illustrated in Section 5.5 between the control and experimental team).

5.4. Time series

The proportions X = IND/PER, Y = POS/NEG, and Z = II/IE constructed constitute numerical
series of 1080 data that are called time series. After applying the initial condition with emphasis on
emotions at 30 minutes, some of the graphs of the moving averages in time are below (Graph 1):

Ratio P+ /N + versus time Ratio 11+ /1E + versus time
1 _ 0g
0s r“ """ 0e
(Y T 0.7
07 06
1']]
- 05
. ~
L 04
0i *
o3 » 0z
02 o 0.2
L / a1
ﬂ / L | T T T 1 0. . - . T
Q 0 40 & &0 100 0 0 40 &0 80 100
tgmm) t (min)

Graph 1. Represents the variation over time of the Time Series of the Quantities Positivity/Negativity (= Y) and of the
ratio Internal Information/External Information (= Z).
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5.5. Reliability and validity of measuring instruments

[lustration with the Dimension Y = POS/NEG in time using moving averages.

A STUDENT TEAM (COURSE 1) A STUDENT TEAM (COURSE 2)
t (min)a Y) Y, -063 (Y1-063 ) T(min) Y’ Y2-0.75 | (Y2-0.75¢
0] 0 -0.63 0.3969 0 4 495 3.0625
9 0.2 -0.43 0.1849 9 03 A.25 1.5625
18 0.3 033 0.1089 18 15 0.75 0.5625
27 04 023° 0.0529 27 08 0.05 0.0025
36 0.9 027 0.0729 . 36 1 0.25 0.0625
45 085 0.22 0.0484 45 1 0.25 0.0625
54 0.8 0.17 0.0289 54 | 025 0.0625
63 0.85 0.22 0.0484 63 0.8 0.05 0.0025
72 0.8 0.17 0.0289 72 1.25 0.5 0.25
81 0.9 0.27 0.0729 81 12 0.45 0.2025
90 095 032 0.1024 90 12 0435 0.2025
N=11 Sum = 695 Sum = 1.1464 N =11z Sum = 825 Sum. = 6035
Sum /11= 6.95/11 VARL= 1.1464 /11 Sum /11= 825/11 VAR2= 6.035/11
Average =0.63 =0.104 Average =075 = 0.5486
where:
(Y1-0.55)*(Y,-0.66)a)
1.1025c 1
0.5375m 1
-0.24750 1
0.0115z 1
0.06750 |
0.0551
0.0425z 1
0011z ]
0.085 1
0.1215c
0.144z 1
1.9305c 1

Pearson’s Sample Correlation Coefficient [34] for the fundamental dimension, Y, referring to
two items from two different courses:

N
Z(yﬁ_y_l)(yh‘_y_Z) 1.9305
r = cos(a) = = — 73 — = \/1.0'7\/2.456 = 075 = p (1)
\/; (yli_yli) \/i=l (ny_yz)
Cronbach’s alpha coefficient [30]:
Confidence interval
Y S
Y + tn—l,‘l B _% ﬁ (2)
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with Y = 063, S = 0.322, « at level 0.05, r = n—-1=11-1 =10 = degrees of freedom
where n is the number of measurements.

bais = foapom = s = 2228 (for Distribution t-Student).
- . _ ,0322  [0.41 (minimum) 3)
confidence interval = 0.63 +2.228 o {0.85 (maximum)

Finally, we want to know if the measuring instrument calibrated for accuracy.
Hypothesis test: defined H, = Null Hypothesis and H, = Alternative hypothesis [35].
Process:

HO: p = 0.56, the instrument is calibrated for accuracy.

H1: u # 0.56, the instrument is not calibrated. There is a systematic error.

Y-u  063-056 _
t=—5 =" = 072 (4)
z NiT

where Y = 0.63, p=0.56 is a control team (calibrated with valid procedures).

Different observational monitoring teams were employed to perform the measurements and
obtain u

r=n-1=11-1=10

boss = { tooss = 1812 b = 2764 £, = 3169

10;0.95 10;0.99 10;0.999

The numerical values of t extracted from [34].
Graph 2 represents the Normal Distribution of the indicators t.

The accuracy calibrated instrument hypothesis is accepted.

QA
SS%

-3.5 -3 -2.5 -1.812-3.5 -1 -0.5

TTres—i

1,5 1.812 2.5 2.7643 3.5

Graph 2. Normal distribution of the indicators t.
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6. Dynamics

From the time series of X (t), Y (t), and Z (t), the discretized column vectors are constructed
(observed that although vectors with a minimum of 1000 elements allow making good esti-
mations, the ideal is that contain over 5000 components for the stability of the Lyapunov coef-

ficients). According to the significant learning of the team of students, the graphs of the time
series in the phased space acquire such forms:

Weak attractor Middle attractor

Z Axis
Z Axis

7 Axls

The time series and the graph obtained are those that allow incorporating elements of chaos
theory in their study. They satisfy two fundamental conditions of this theory: sensitivity
to initial conditions and the existence of Lyapunov exponents greater than zero. Applying
to the experimental data, the Lorenz equations [36, 37] modified according to the fourth
order Runge Kutta numerical method, the dynamics classified from the control parameter
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(also called connectivity). Its values deliver the performance of the teams that make up the
Experimental Group: Low (r =16.5, weak attractor), Medium (r = 20.5, medium attractor), and
High (r = 28.7, chaotic attractor).

These values compared with those that arise from theoretical iterative cycles (using, for exam-
ple, adjustment by Fourier Time Series) for X (t), Y (t), and Z (t), based on the range of their
experimental domains. Programming in MatLab (software for numerical calculation and sci-
entific analysis) the modified Lorenz equations [28, 33] (also possible by Neural Networks
[38] or Cellular Automata [39]), the graphs are obtained as shown:

r=18 r=31

These graphics are classified according to the values of the theoretic control parameter, r,
which roughly matches with the values of r for weak, medium and chaotic attractor, respec-
tively, emerging from the experimental Time Series.

It was observed that the contrast between the performance of the experimental groups (select-
ing a team with chaotic dynamics) and the control groups (traditional courses without initial
condition: choosing a good performance team) is carried out through cross-correlation. The
cross-correlations by group according to the influence exerted by the variable of emotions
Y (=Positivity/Negativity) on the variable X (= Inquiry/Persuasion) [20-25] is observed in Table 2.

The experimental group treated with contextualized initial conditions, which promote high con-
nectivity within each team, shows that the balanced presence of positivity/negativity in their
relationships exerts an influence 1.7 ~ 2, approximately, on the variable X, which is inquiry/
persuasion (the most rational part of the team’s work). Thus, the team leads more efficiently
and safely toward the achievement of meaningful learning. This influence translated into con-
nectivity and emotional field evolution reflected in the value that students give to learning and
in its achievements. These achievements range from the experience of collaborative work, each
component is determined in the learning process, to the formal evaluation procedures applied
ranging from the weekly reports, entrance test at the beginning of the teaching session, tests,
oral interrogation of any component of the team whose performance is extended to the whole
team, etc.

Group Control Experimental Comparison: experimental/control

Cross-correlation 0.3 0.5 1.7

Table 2. Comparison between cross-correlation according to the Control and Experimental Teams.
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7. Connectivity

The control parameter r (connectivity [40]) gives the transition between the different dynam-
ics that favor meaningful learning. Connectivity defined as the capacity shown by the compo-
nents of a system to expand the actions of others by their actions and to expand their actions
from the actions of others [41, 42]. This definition is a glimpse into an underlying referential
framework, inherent in all things, sustained by the complex intervariable interferences that
characterize them, in a first approximation.

These interferences induce clutter dynamics that create an intelligent collective order, but
temporary, which makes it imperative to incorporate them in learning. Teams with high
connectivity and high POS/NEG quotients (greater than or equal to: 2.5 [43], 4.3 [44], and 5
[17]) are sustained over time and achieve the objectives of the activity [24, 45]. When observ-
ing Graph 3, we can see a growth in connectivity, as we approach the chaotic or complex
dynamics:

Dynamics of Leaming versus Connectivity

_E Chaotic Atradior /I____,
] -
k-1 —
2 Niddle Aitractor T
E Weak Atractor —
=
(-]
i} 175 05 286
Connec thity

Graph 3. Dynamics of learning versus connectivity.

What does this increasing behavior of connectivity (entropic connectivity) mean for learning?
Is it possible to calculate it? How is it related to the complexity of the learning process under
study?

Answering these questions, different numerical procedures were applied to the time series
[46], which allow determining the Lyapunov coefficients [47], the Kolmogorov entropy (S,)
[48, 49], the complexity [50], and finally, the uncertainty in information [51].

8. Irreversibility and the sustainability of learning

The position of Ilya Prigogine [52, 53] on irreversibility and entropy varies that of traditional
physics. In his lecture The Birth of Time (Rome, 1987), Prigogine argued:

“Entropy always contains two dialectical elements: a creator element of disorder, but also a
creative element of order. (...) We see, then, that instability, fluctuations, and irreversibility
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play a role at all levels of nature: chemical, ecological, climatological, biological - with the
formation of biomolecules - and finally cosmological”.

In this way, it was observed that the phenomenon of irreversibility for Prigogine is construc-
tive, highlighting the “creative role of time,” which, at least at a macroscopic level, supposes a
kind of antientropy: “the universe of non-equilibrium is a connected universe.”.

According to Wackernagel et al. [11]:

“Sustainability requires that life is within the regeneration capacity of the biosphere. In an attempt
to measure the degree to which humanity satisfies this requirement, existing data have been used
to translate human demand on the environment in the area required for the production of food
and other goods, as well as in the absorption of waste. Numerical estimates indicate that human
demand may well have outgrown the regenerative capacities of the biosphere since the 1980s.
According to this preliminary and exploratory evaluation, the carrying capacity of humanity cor-
responds to 70% of that of the world biosphere in 1961, growing up to 120% in 1999”.

All processes are irreversible because they are connected entropically making the complexity
increases. Human activity is not exempt from this principle.

Chaotic systems consume considerable energy and information to maintain their level of
complexity while being very sensitive to environmental fluctuations [54].

9. Some general mathematical concepts

9.1. The coefficient of Lyapunov

The standard procedure of determining whether or not a system is chaotic is through the
exponents of Lyapunov represented by A. When considering two nearest points in a stagen, x_
and x_+d x_, in the next temporal stage, they will diverge, particularly atx  andx ,_ +dx_,,.
It is this average ratio of divergence (or convergence) that the exponents of Lyapunov capture.
Another way of thinking about the exponents of Lyapunov is as a proportion in which the
information about the initial conditions lashes. There are so many exponents of Lyapunov as
a dimension of phase space.

The signs of the Lyapunov exponents, A, provide a qualitative picture of a system’s dynamics.
One-dimensional maps are characterized by a single Lyapunov exponent.

If the exponent of Lyapunov is positive, A >0, then the system is chaotic and unstable [55, 56].
Next points will diverge regardless of how close they are. Although there is no order, the sys-
tem is still deterministic. The magnitude of Lyapunov exponents is a measure of sensitivity to
initial conditions, the primary characteristic of a chaotic system.

If A <0, then the system is attracted to a fixed point or stable periodic orbit [55]. The absolute
value of the exponents indicates the degree of stability.

If A =0, the system is in a marginally stable orbit [55].
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In a three-dimensional continuous dissipative dynamical system, the only possible spectra,
and the attractors they describe, are as follows: (+,0,-), a strange attractor; (0,0,-), a two-torus;
(0,—-), a limit cycle; and (-,—,-), a fixed point [55].

The equation that allows calculating the coefficient of Lyapunov is given by:

()

9.2. The exponent of Hurst, H

H is used as a measure of long-term memory of time series. It refers to the autocorrelations
of the time series, and the speed at which they decrease as the gap between pairs of values
increases. The inverse of the Hurst exponent is equal to the fractal dimension of a time series.
H takes values between 0 and 1:

H = 0.5 indicates the absence of long-term dependence [57].

0.5 <H <1, itis a persistent series, graphically presents a smooth appearance. H = 1 indicates
that the degree of persistence or long-term dependence holds.

H < 0.5, corresponds to anti-persistence, contrary to long-range dependency (LRD), indicates
a strong negative correlation of the process that fluctuates violently.

0 <H <0.5 indicates that the time series, in the long term, change high and low values of adja-
cent pairs of data; this tendency remains to fluctuate for a long time [57-59].

H is an index for the categorization of complexity, quantifies the chaotic dynamics, and is
directly related to the fractal dimension, D, where 1 <D <2, such that D =2-H.

9.3. Embedding dimension

The Embedding Theorem serves to remake from the observed or measured time series, the
evolution of the states in the phase space, where the exponents of Lyapunov and the fractal
dimension can be calculated (for example). It uses the method of delayed coordinates (recon-
struction with delays). If we have the data series x,, x,, X,, X,... X_ we can form the set of points
Xy Xye- o xp), (X, Xgeney xp”) oo and (X, X, .- xpﬁ). These points determine a trajectory in the

space R". The dynamics of the empirical system represented by the “minimum” dynamics (in
a dimensional sense) of this set of points:

If the system is random, the fractal dimension grows, as the dimension of the embedding
space increases, that is, p.

If the system is periodic, the fractal dimension grows to a value k and then remains constant
and whole (it is not fractal).

If the system is chaotic, the fractal dimension stabilizes for a certain embedding dimension p.
Also, at least one exponent of Lyapunov will be positive.
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9.4. Matrix and correlation dimension

The decomposition of time series into main analysis components gives rise to the correlation
matrix. This matrix is two-dimensional (M x M) constructed by placing the values of the cor-
relation function for t = 0 along the main diagonal. Then, the values for T =1 put to the right
and left of the diagonal, following with t=2 and so on until completing the matrix, which can
be as large as 16 x 16 [37, 60].

; S
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The number of significant eigenvalues of the correlation matrix, of the order of the correlation
dimension, is a measure of the complexity of the system [37]. A procedure of these character-
istics was applied the time series of X (t), Y (t), and Z (t).

9.5. The entropy of Kolmogorov and its relation to the loss of information

Following Farmer [61, 62], one of the essential differences between chaotic and predictable
behavior is that chaotic trajectories continuously generate new information, while predictable
trajectories do not. Metric entropy makes this notion more rigorous. In addition to providing
a good definition of “chaos,” metric entropy provides a quantitative way to describe “how
chaotic” a dynamic system is.

The entropy of Kolmogorov [48, 49] is the average information loss [51, 63], when “1” (cell side
in units of information) and t (time) become infinitesimal:

(6)

5 = ~limlim lim % o;n P logP,  (Kolmogoroventropy)
Expressed in information bits/sec or bits/orbits for a continuous system and bits/iteration for
a discrete system.

The entropy difference of Kolmogorov (AS,) between one cell and another (S, _,, - S, ) rep-
resents the additional information needed to know, in which cell (i ,,) system will be found
in the future. Therefore, the difference (S, ,, - S, ) measures the loss of system information
over time.
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In conclusion, the calculation of the entropy of Kolmogorov:

1. Check if the entropy of Kolmogorov is between zero and infinity (0 <S, <), which allows
verifying the presence of chaotic behavior. If the Kolmogorov entropy is equal to 0, no
information loss, and the system is regular and predictable. If S, = e, the system is entirely
random and it is impossible to make any prediction.

2. Determine the amount of information needed to predict the future behavior of a system, in
this case, a learning process.

3. Calculate the speed with which the system loses (or downgrade information over time).

4. To establish the maximum horizon of temporal predictability of the system, from which no
prediction can make, nor elaboration of scenarios.

9.6. Determination of information loss

There is a relationship between the entropy of Kolmogorov and the characteristic parameter
of chaos, the exponent of Lyapunov, A, which shows that it is proportional to the loss of infor-
mation, < Al > [51]:

(ADlog2 = =4, = (AD, = 15, i = XY, Z 7)

The coefficients of Lyapunov A, A and A are associated with the time series of the Inquiry/

Persuasion (X (t)), Positivity/Negativity (Y (t)), and Internal Information/External Information
(Z (t)) coefficients obtained according to learning dynamics.

The expressions for <AI> are in bits/time and show the relationship between the entropy of
Kolmogorov and the exponent of Lyapunov, A.

If A <0, the movement is not chaotic, information does not lose, because the prediction is
accurate. (It is the main idea of the current educational paradigm).

If A >0, the movement is chaotic, the prediction is less accurate and, therefore, the loss of
information is greater [51, 64].

10. Experimental results: Application of the chaos data analyzer
software (CDA) to the experimental time series

In chaos theory, the calculation of the Lyapunov coefficients is fundamental because it allows
studying the effect of the initial condition, the irreversibility of the processes, the entropy,
the time of predictability, the complexity, and, based on these parameters, to characterize the
sustainability of a learning process.
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In the cases of weak attractor dynamics and middle attractor dynamics, chaos theory does not
apply, since they are predictable or deterministic systems.

10.1. Chaotic attractor dynamics

For the analysis of the time series, the CDA Software, Chaos Data Analyzer Programs [37, 60],
and the Golden Surfer Software were used to fill incomplete time series [65].

Notation:
A: Exponent of Lyapunov (bits/units of time) [37, 47, 66].
D: Encrusting dimension [37].

n: is the number of sample intervals over which each pair of points followed before a new
pair is selected.

A: is the relative accuracy of the data before the expected noise begins to dominate.

H: Exponent of Hurst is related to the smoothness of the curve and the dimension fractal,
according to Mandelbrot [67-69], 0 < H < 1. To 05 < H < 1.0 indicates persistence (the past
tends to persist in the future).

S = Correlation entropy [37-60] for each variable (measured in bits/units of time) (Table 3):

Variable A D N A H Correlation dimension Sy

X 1.150 £ 0.099 1 2 0.0001 0.925 0.719 £ 0.247 1.027
Y 0.723 £ 0.084 1 2 0.0001 0.919 0.728 + 0.245 0.477
Z 1.469 £ 0.105 1 2 0.0001 0.89 0.737 £ 0.251 0.728

Table 3. The correlation entropy, S,, is the entropy of Kolmogorov, and its reciprocal delivers the time for which the
prediction is significant.

Applying the calculation of the correlation matrix to the time series X (t) of the chaotic attrac-
tor, the number of eigenvalues, of the order of the correlation dimension, is a measure of the
complexity of the system [37]. In this case, two significant eigenvalues were determined (not
zero) (Graph 4):

The time series of Y (t) and Z (t) treated in a similar way present the same number of eigen-
values. So, we conclude that given the number of eigenvalues, the series represent a complex
system.

According to the Lopez-Corona approach [50] for complexity, with normalized S, (Table 3)

,,,,,

C® =aS, (1-S, ) >0, i=XY,Z )

K
obs,i
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Graph 4. Eigenvalues of the matrix versus number eigenvalues.

The values of C(t) for time series give results greater than zero for the three time series (X(t),
Y (t), and Z (t)), which would characterize a complex system and is coincident with the result
of the matrix of correlation.

In the learning process studied, applying Chaos Theory to time series arising from characteris-
tic variables that are common to all learning processes, three particularities revealed entropic
connectivity, irreversibility, and complexity. In the same way, the sustainability of the process
is due to the quotient of the POS/NEG emotions, when positive influence exists (POS) in the
case of the Chaotic Attractor Dynamics, which is the one that presents the highest achieve-
ment in meaningful learning (rudely indicated as performance). These learnings lead to the
consequent formation of patterns of “desired” behavior. Increasing connectivity is increasing
entropy, which to maintain the “beloved” order, entropy (negentropy) must be transferred
to the environment (to the planet), is quantifiable evidence of such process, the increase of
garbage and pollution. This corollary demonstrates the irreversibility of the process in the
current narrative. Is it possible to modify this plot? Within the current narrative, it seems
unlikely. A new form of relationship between ourselves and with nature must build. (Chaos
theory does not admit complexity for the weak and middle attractor, i.e., it does not apply).

11. The future in the past? Ancient civilizations

The considerable cognitive requirements of life in complex societies have resulted in many
primate species having larger and more expensive brains [70], with all that this implies in con-
nectivity. The human immersed in evolution has historically transferred the cost of learning
the complexity of nature, and there is ample evidence.

11.1. Mesopotamia

In the interior of ancient Mesopotamia, agriculture and livestock farming were imposed as the
primary economic activity between 6000 and 5000 BC. Due to unfavorable natural conditions
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for this practice in large part of this territory, men built and used canals to transport water
from distant sources and thus obtain good harvests. Because of these facilities, they were able
to achieve very high performances. On the absence of excavations in rural areas, the knowl-
edge of ancient Mesopotamian agriculture is based mainly on old texts, including the numer-
ous records of the practice of field sales. Exploitation contracts or loans for farmers, as well as
the abundant documentation, were found in the administrative buildings of the palaces and
temples of the cities of Mesopotamia.

The irrigation technology in the fields implemented implied the risk of soil salinization. The
evaporation of water causes the minerals it contains to rise, and if the soil salt content is
too high, the field can no longer be cultivated and the water must be drained off the field
to replenish the soil. This problem affected many lands in southern Mesopotamia, which
became uncultivable and abandoned after intensive exploitation. In contrast, palm trees grow
very well in salinized grounds, which explains their growth in the oldest Mesopotamia.

11.2. The Mayans

The collapse of the Mayan civilization was because of the destruction of the environment
caused by it due to the mismanagement of resources, indicated the American archeologist
Richard D. Hansen [71, 72], one of the principal researchers of that old culture. “The Mayans
themselves damaged their environment. They destroyed it. The impact of the damage (to the
environment) was so strong that they caused the collapse of civilization,” says Hansen.

In the Cuenca Mirador, the expert explained, the Mayans developed “the first economic state in
the Americas.” “In the pre-Classic period (in the year 1500 BC), they formed the first political State,
almost an empire, where there was a development with strong economic management and large
populations,” but due to a strategic error “of government,” the same Mayas caused its collapse.

Starting in 150 AC, “due to multifactors” associated with the environment such as diseases,
drought, and deforestation, “people started to leave the area.” “But it was not a case of abandon-
ment in which people leave, but come back. Here they left and did not return. The collapse of
the Mayas was a total abandonment “due to the lack of resources, Hansen stressed. The Mayans
“were human” and as such “made mistakes,” “abused the resources they had at their disposal.”
They fell into “conspicuous consumption.” Preferring to build great palaces “without thinking
about the needs of the people, without feeding them, until they finished everything, “he said.

11.3. Roman Empire

In the year 100 BC, the Roman Empire was spread along the Mediterranean. The Romans
could have stayed in this area, near the sea, but the explorations gave good results, and they
were encouraged to continue their territorial expansion by increasing connectivity. However,
transportation by land was slow and expensive, unlike maritime transport, so the increase in
the connectivity became expensive.

According to Joseph Tainter [73, 74], professor of environment and society at Utah State
University, one of the most important lessons of the fall of Rome is that complexity comes
at a cost. In the third century, Rome added more and more new elements: a considerable
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army, cavalry, and subdivided provinces (each with its bureaucracies, courts, and defenses),
all components necessary to maintain the cohesion of its almost 60 million inhabitants of the
more varied races. Eventually, it could not, to the eaves of knowledge and technique of the
time that already left their trace of disorder in the environment, continue to sustain that grow-
ing complexity entering a long collapse and fragmentation.

12. Conclusion

The mathematical theory of chaos when applied to experimental time series of learning pro-
cesses is shown to be efficient and rigorous in revealing properties that underlie the inte-
rior of those, such as irreversibility and entropic connectivity. Similarly, when categorizing
the performance of learning according to the dynamics (weak, medium, chaotic), it exhibits
the behavioral patterns produced by each dynamic. Learning, as a human activity perennial
in time, induces behavior patterns, an order associated with emotions, exporting entropy to
the biosphere: “order wins” wanted “exporting disorder” not wanted. This learning reveals
an overestimation, historical, and cultural, of the regenerative capacities of the environment
and planet Earth, especially concerning one of the forms of the disorder (“unwanted”), more
characteristic of modern human activity: garbage and pollution, which we leave in charge
of the planet. At present, we can perceive these regenerative limits in the form of depletion
of croplands and productive demands on agricultural land through increasingly powerful
fertilizers with unexpected consequences, consumption of drinking water, acidification and
desertification of the oceans, atmospheric pollution, climate change, and so on. Would we
expect another result? As we say about the time series, we face the increasing, and the frenetic
entropy connectivity of the learning (much of trial and error) overstimulated by a POS/NEG
ratio exacerbated toward positivity. On the other hand, an economic-technological system
that essentially seeks to optimize profit as a synonym of well-being and, by extension, an illu-
sion of happiness. Given the current state of the biosphere [75-77], would we expect another
result? The complexity of this disjunctive is that nothing is more proper to human nature
than its willingness to learn. Civilization, from its inception, has shown that an essential evo-
lutionary characteristic of its learning is to adapt the environment to its utilities and needs,
which will always be influenced by the certainties and uncertainties of knowledge and its
transforming polarity. Innovating patterns of behavior, which have given us confidence in our
possibilities by feeling exclusive of species on a planet with supposedly infinite resources, are
complex. It means accepting limits. It recognizes in human activities not only its load of posi-
tivity, but also negativity, which broadens its meaning. There is no more provocative word
for freewill than the idea of limits to what we want and can do. It is necessary to face that in
all the processes that they want to carry out, the existence of limits will play an essential role.
A predicament that is not new, and always proclaimed —and most of the time, interestingly
overlooked —by the most varied forms and themes of reflection: complex systems, entropy,
science, emotions, the human brain, religion, and more.

It is probable that the revenge for the untied man (restless Nietzsche would say), of today,
is the irruption of the “contemplative man” that Nietzsche would point us out of tomor-
row. The challenge is greater, as indicated, because it requires us to explore new forms of
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relationship between ourselves and with nature [58], of which we are a part, and of the
planet Earth in particular. Our viability of species is in interdiction, even expanding our
environment of space, and this is a medium, even extremely hostile to human life [59].

Acknowledgements

Public acknowledgment to Ms. Marisol Fuentes Olmos, Master of Education, in the design-
ing, construction, and linguistic help in the revision of this handwriting.

Author details

Patricio Pacheco Herndndez
Address all correspondence to: patricio.pacheco@utem.cl

Technological Metropolitan University, Santiago, Chile

References

[1] Otten M, Jonas K. Humiliation as an intense emotional experience: Evidence from the
electro-encephalogram. Social Neuroscience. 2014;9(1):23-35. DOI: 10.1080/17470919.
2013.855660 Epub 2013 Nov 12

[2] Dweck CS. Motivational processes affecting learning. American Psychologist. Oct 1986;
41(10):1040-1048. DOI.org/10.1037/0003-066X.41.10.1040

[3] Ibanez, N. Las emociones en el Aula. Estudios Pedagdgicos. 2002;28:31-45. [The emo-
tions in the classroom. Pedagogical Studies;n® 28, 31-45]. DOl org/10.4067/S0718-0705
2002000100002

[4] Maturana H. Emociones y Lenguaje en Educacion y Politica. Santiago de Chile: Dolmen;
2001 [Emotions and language in education and politics]

[5] Goleman, D. La Inteligencia Emocional. Barcelona: Kairos; 2005. [Emotional Intelligence.
New York: Bantam Books]

[6] Lavados]. El cerebro y la educacién. Santiago de Chile: Taurus; 2013 [The brain and the
education]

[7] Bijleveld E, Scheepers D, Ellemers N. The cortisol response to anticipated intergroup
interactions predicts self-reported prejudice. PLoS One. 2012;7(3):e33681. PMID 22442709.
DOI: 10.1371/journal.pone.0033681. Epub 2012 Mar 19

[8] Gracia-Bafalluy M, Escolano E. Aportaciones de la neurociencia al aprendizaje de las
habilidades numéricas. Revista de Neurologia. 2014;58(2):69-76. [Contributions of neu-
roscience to the learning of numerical skills. Journal of Neurology, 58(2), 69-76]



[10]

[11]

[15]

[16]

[17]

[18]
[19]

[20]

[21]

[22]

[23]

[24]

Initial Condition and Behavior Patterns in Learning Dynamics: Study of Complexity and...
http://dx.doi.org/10.5772/intechopen.74140

Rodriguez ML. La teoria del aprendizaje significativo en la perspectiva de la psicologia
cognitiva. Barcelona: Octaedro; 2010 [The theory of meaningful learning in the perspec-
tive of cognitive psychology]

Carr N. ;Qué esta haciendo Internet con nuestras mentes ? Superficiales. México D.F.:
Taurus; 2011. [The Shallows: How the Internet Is Changing the Way We Think, Read and
Remenber. New York: W. W. Norton & Company]

Wackernagel M, Schulz NB, Deumling D, Linares AC, Jenkins M, Kapos V, Monfreda C,
Loh J, Myers N, Norgaard R, Randers J. Tracking the ecological overshoot of the human
economy. Proceedings of National Academy of Sciences U.S.A. 2002;99(14):9266-9271.
DOI: 10.1073/pnas.142033699

Capra F. El punto Crucial. Buenos Aires: Estaciones; 1982 [The Turning Point: Science,
Society, and the Rising Culture. New York: Bantam Books]

Heisenberg W, Schrodinger E, Einstein A, Jeans ], Planck M, Pauli W, Eddington A.
Cuestiones Cuanticas. Barcelona: Cairos; 2006 [Quantum Issues]

Bauman Z. Los retos de la Educacion en la Modernidad liquida. Barcelona: Gedisa; 2008.
[Education in Liquid Modernity. The Review of Education, Pedagogy, and Cultural
Studies. 2005; 27:303-317. DOI: 10.1080/10714410500338873]

Jung C. Obra completa de Carl Gustav Jung. Volumen 9/1: Los arquetipos y lo inconsci-
ente colectivo. Madrid: Trotta; 2002

Bareman R, Gottman JM. Observacion de la Interaccion: introduccién al analisis secuen-
cial. Madrid: Morata S.A; 1989 [Observing interaction: an introduction to sequencial
analysis. Cambridge (GB): Cambridge University Press; 1986]

Gottman J. What Predicts Divorce? The Relationship Between Marital Processes and
Marital Outcomes. New Jersey: Lawrence Erlbaum Associates; 1994

Jones R. Chaos theory. The Executive Educator. 1994;16(10):20-23

Hargreaves DH. Self — managing schools and development planning. Chaos or control?
School Organization. 1995;1V(I):215-227

Pacheco P. Aprendizajes: una aproximacion desde el caos. Madrid: EAE; 2015 [Learning:
an approach from the chaos]

Briggs J, Peat FD. Las Siete Leyes del caos. Barcelona: Grijalbo; 1999 [Seven Life Lessons
of Chaos: Spiritual Wisdom from the Science of Change. New York: HarperCollins]

Colom A]JC. Teoria del caos y educacion (acerca de la reconceptualizacion del saber edu-
cativo). Revista Espafiola de Pedagogia. 2001. Afio LIX(218):5-24

Nordhaus WD. The economic impacts of abrupt climatic change. Meeting on Abrupt
Climate Change: The Role of Oceans, Atmosphere, and the Polar Regions, National
Research Council. New Haven ed.: Yale University; January 1999

Gershenson C, Fernandez N. Complexity and information: Measuring emergente, self-
organization, and homeostasis at multiple scales. arXiv. 10 August 2012;2[cs. TI]:1205-2026.
DOI: 10.1002/cplx.21424

65



66

Behavior Analysis

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]
[33]

[34]
[35]

[36]

[37]
[38]

[39]

Pacheco P, Villagran S, Quiroz E. Dindmica no lineal y rendimiento académico: verifi-
cacion experimental e interpretacion. Revista Internacional de Educacion y Aprendizaje.
2013;1(1):49-73. [Nonlinear dynamics and academic performance: experimental verifica-
tion and interpretation. International Journal of Education and Learning; 2013. Vol 1, n°
1, 49-73]

Pacheco P. Positividad y Negatividad emocional: influencia en los procesos de apre-
ndizajes. Estudios Pedagogicos. 2016;XLII(1):187-207. [Positivity and Negativity emo-
tional: influence on learning processes. Pedagogical Studies; 2016. XLII, N °© 1: 187-207].
DOI.org/10.4067/50718-07052016000100012

Pacheco P, Correa R. Study of connectivity in student teams by observation of their
learning processes. Journal of Physics: Conference Series. 2013;720:01256. DOI:10.1088/
1742-6596/720/1/012056

Wiersma W. Research Methods in Education: An Introduction. Boston: Allyn and Bacon;
1986

Gronlund N. Medicion y evaluacion de la ensefianza. Centro Regional de Ayuda Técnica.
Agencias para el Desarrollo Internacional: Mexico, D.F; 1985

Cronbach L]J. Coefficient alpha and the internal structure of tests. Psychometrika. 1951;
16(3):297-334. DOl.org/10.1007/BF02310555

Ekman P. Facial expression and emotion. American Psychologist. 1993;48(4):384-392.
DOI: 10.1037/0003-066X.48.4.384

Microsoft Project Oxford. Basado en FACS (Facial Action Coding System). 2015

Affdex. Affective Computing, MIT. Desarrollo del proyecto FaceSense. Affdex, es un
sistema para monitorear las emociones de los internautas mientras interacttian con el
servicio o aplicacion basados en ese sistema. 2016. (Development of the FaceSense proj-
ect. Affdex is a system to monitor the emotions of Internet users while interacting with
the service or application based on that system. 2016)

Canavos GC. Probabilidad y estadistica. México D.F.: McGraW-Hill; 1988

Walpole R, Myers R, Myers S, Ye K. Probabilidad y Estadistica para Ingenieria y Ciencias.
Meéxico, D.F.: Pearson; 2012

Lorenz E. Deterministic nonperiodic flow. Journal of Atmospheric Sciences. 1963;20:130-
41.1. DOI: 10.1177/0309133308091948

Sprott JC. Chaos and Time — Series Analysis. New York: Oxford University Press; 2006

Frank R, Davey N. Hunt SP. Time series prediction and neural networks. Journal of
Intelligent and Robotic Systems. 2001;31(1):91-103. DOl org/10.1023/A:1012074215150

Wolfram S. Cellular automata as models of complexity. Nature. 1984;311:419-424. DOI:
10.1038/311419a0



[40]

[41]

[42]
[43]

[44]

[45]

[46]
[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

Initial Condition and Behavior Patterns in Learning Dynamics: Study of Complexity and...
http://dx.doi.org/10.5772/intechopen.74140

Green DG. Connectivity and the evolution of biological system. Journal of Biological
System. 1994;2:91-103. DOIorg/10.1142/50218339094000088

Cacioppo JT, Gardner WL, Berntson GG. The affect system: Architecture and operat-
ing characteristics. Current Directions in Psychological Science. 1999;8:133-137 DOl.org/
10.1111/1467-8721.00031

Echeverria R. Ontologia del Lenguaje. Santiago de Chile: Lom; 2005. [Language ontology]

Bales RF. Interaction Process Analysis: A Method for the Study of Small Groups. Addison
—Wesley: Cambridge, Massachusetts; 1950

Schwartz GE, Weinberger DA. Patterns of emotional responses to affective situation:
Relations among happiness, sadness, anger, fear, depression, and anxiety. Motivation
and Emotion. 1980;4(2):175-191

Gomes O, Sprott JC. Sentiment-driven limit cycles and chaos. Journal of Evolutionary
Economics. 2017;27:729-760. DOI: 10.1007/s00191-017-0497-5

Hamilton JD. Time Series Analysis. Princeton, NJ: Princeton University Press; 1994

Wolf A, Swift JB, Swinney HL, Vastano JA. Determining Lyapunov exponents from a
time series. Physica 16D. 1985:285-317. North-Holland, Amsterdam. DOI:10.1016/
0167-2789(85)90011-9

Kolmogorov AN. Combinatorial foundations of information theory and the calculus of
probabilities. Russian Mathematical Surveys. 1983;38(4):29-40

Kolmogorov AN. Entropy per unit time as a metric invariant of automorphism. Doklady
Akademii Nauk SSSR (DAN SSSR). 1959. [Proceedings of the USSR Academy of
Sciences]. 124. 754-755

Lopez-Corona O, Padilla P, Huerta A, Mustri-Trejo D, Perez K, Ruiz A, Valdés O, Zamudio
F. Measuring social complexity and the emergence of cooperation from entropic prin-
ciples. Physics and Society.(physics-soc-ph: arXiv. 19 February 2015. 1502.05741v1

Martinez JA, Vinagre FA. La entropia de Kolmogorov; su sentido fisico y su aplicacion
al estudio de lechos fluidizados 2D. Departamento de Quimica Analitica e Ingenieria
Quimica, Universidad de Alcala, Alcala de Henares. Madrid: Academia. 2016. [The
Kolmogorov entropy; Its physical sense and its application to the study of fluidized
beds 2D. Department of Analytical Chemistry and Chemical Engineering, University of
Alcald, Alcala de Henares. Madrid: Schools]

Prigogine I. ;Tan so6lo una ilusion?. Barcelona: Editorial Tusquets; 1983. [Just an illu-
sion? The Tanner Lectures on Human Values Delivered at Jawaharlal Nehru University
December 18, 1982]

Prigogine I. End of Certainty: Time, Chaos and the New Laws of Nature. New York: The
Free Press; 1997

Asensio JM. Biologia y educacion. Barcelona. Ariel. 1997

67



68

Behavior Analysis

[55]

[56]

[57]

[58]

[59]

[60]
[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]
[69]
[70]

[71]

Grassberger P, Procaccia I. Characterization of strange attractors. Physical Review
Letters. 1983 a;50:346-349. DOI: 10.1103/PhysRevLett.50.346

Grassberger P, Procaccia I. Measuring the strangeness of strange attractors. Physica D 9.
1983 b;189 DOLl.org/10.1016/0167-2789(83)90298-1

Clauset A, Rohilla Shalizi C, Newman ME]. Power-law distributions in empirical Data.
SIAM Review. 2009;51:661-703. DOI.org/10.1137/070710111

Geweke J; Porter-Hudak S. The estimation and application of long memory time series
models. Journal of Time Series Analysis. 1983;4:221-238. DOl.org/10.1111/j.1467-9892.1983.
tb00371.x

Beran J. Statistics For Long-Memory Processes. Boca de Raton: Chapman and Hall; 1994
Sprott JC. Software CDA. Chaos Data Analyzer Programs; 1995

Farmer JD. Chaotic attractors of an infinite — dimensional dynamical system. Physica
4D.1982:366-393. DOLorg/10.1016/0167-2789(82)90042-2

Farmer JD, Ott E, Yorke JA. The dimension of chaotic attractors. Physica D. 1983;9:153-
180. DOl.org/10.1007/978-0-387-21830-4_11

Shannon C. A mathematical theory of communication. Bell System Technical Journal.
1948;27:379-423 y 623-656. DOI:10.1002/j.1538-7305. 1948.tb01338. x

Brillouin L. Science and Information Theory, 2nd ed. New York: Academic Press; 1962.
308 p

Papritz A. Stein A. Spatial prediction by linear kriging. In: Stein A, Van der Meer F, Gorte
B. editors. Spatial Statistics for Remote Sensing. Remote Sensing and Digital Image
Processing, vol 1. Dordrecht: Springer; 1999

Pesin YB. Characteristic Lyapunov exponents and smooth ergodic theory. Russian
Mathematical Surveys. 1977;32(4):55-144. DOI: http://dx.doi.org/10.1070/

Hurst HE, Black RP, Simaika YM. Long-Term Storage: An Experimental Study. London:
Constable; 1965

Mandelbrot BB. Fractals: Form, Chance, and Dimension. San Francisco: Freeman; 1977
Feder J. Fractals. New York: Plenum Press; 1988

Opie C, Atkinson QD, Dunbar RIM., Shultz S. Male infanticide leads to social monogamy
in primates. Proceedings of the National Academy of Sciences of the United States of
America, Published online before print July 29, 2013. DOI: 10.1073 / pnas.1307903110
PNAS July 29, 2013

Diamond ]. Colapso. New York: Viking Press; 2005. [Collapse: How Societies Choose to
Fail or Succeed. New York: Viking Press; 2005]



[72]

[73]

[74]

[73]

[76]

[77]

Initial Condition and Behavior Patterns in Learning Dynamics: Study of Complexity and...
http://dx.doi.org/10.5772/intechopen.74140

Hansen R, Feast D. Famine or fighting? Chapter: The feast before famine and fighting:
The origins and consequences of social complexity in the Mirador Basin, Guatemala.
Studies in Human Ecology and Adaptation. January 2017;8:305-335. Springer, Cham.
DOl.org/10.1007/978-3-319-48402-0_12

Tainter JA. Social complexity and sustainability. Ecological Complexity. 2006;3:91-103.
DOI: 10.1016/j.ecocom.2005.07.004

Tainter JA. Collapse and sustainability: Rome, the Maya, and the modern world. Arc-
heological Papers of the American Anthropological Association. 2014. DOI: 10.1111/
apaa.12038

Dall'Osto M, Monahan C, Greaney R, Beddows DC, Harrison RM, Ceburnis D, et al. A
statistical analysis of North East Atlantic (submicron) aerosol size. 2011

Francisco SS. (nombre secular Jorge Mario Bergoglio Sivori). Laudato si. Sobre el cui-
dado de la casa comun. Santiago de Chile: Ediciones UC; 2015. [ Laudato yes. About the
care of the common house]

Delp MD, Charvat JM, Limoli CL, Globus RK, Ghosh P. Apollo lunar astronauts show
higher cardiovascular disease mortality: Possible deep space radiation effects on the vas-
cular endothelium. Scientific Reports. 2016;6, 29901. DOI: 10.1038/ srep29901

69



ntechOpen

ntechOpen



