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Abstract: The massive data set obtained from the analysis of a partengaitive profile requires an evaluation function versatile
enough for application to a Genetic Algorithm (GA) in order to be able to make decisions that involve a high degredityf réhiab

the order of 90 to 95%.

The problem to be studied is whether it is possible or not to evolve in cognitive terms, through the choice of learn]iit) rmbjec
suitable, which we denominate as Knowledge Block (KBx Sharable Content Object Reference Model (SCORM) compatible
structurei see Fig. 2.

The Pe ar-sgoaredestX?Cih the evaluation function selected, because of its simplicity. By observation of merely two
parameter® Observed Valuedj) and Expected Valuds() 8 we may infer if the hypothesis in test is trdetermining in this way

if the method is the appropriate.

Keywords: Learning, Evaluation, Ckéquare, Cognitive, Profil&enetic Algorithm,

selecting a KB according to the best solution
1. INTRODUCTION available- see Fig. 1.
Every day, around the world, an immense amount o T 100
energy is consumed by millions of young people and
adults, toteach and learnThe processes and methods
used have centuries atide shortcomings of the system .
are obvious.

100%

10 101

One of the objectives a&Learning and particularly
of the learning objectf’], is the implementation of new
processes that dramatically increase the results obtained
the teaching and learning to theademic level and not
only.
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Results

0014110 . 111 Possible Solutions

If we adapt the initial paradigm of-Learning, Figure1. GA (Search for best solution)

associating extrapolation techniques of the results using a
GA and a evaluation function versatile enougto

conduct the followrup of the cognitive profileand 2nd Sectiori Presents the reasons behind the choise
determire the leaning curve, so that exists a sustainableof what we will evaluate, why and in what way, an
cognitive growth, we will have meaningful gains. outlook of the main problems we intend to solve, and a

. . . ) brief description of Chsquare function.
In this paper, we propose a solution using the-<gluiare

as the evaluation function and a GA as an intelligent 3rd Sectioni Shows a random simulation of Chi
structure that evaluates data from the evaluationtfamc ~ Square usg Excel and analyzes the obtained data.

The GA will send the best solution found to a Learning  4¢h Sectioni Presents the conclusions of the work
Management System (LMS) the best solution found, aftefone until now and future perspectives.

E-mail: jorgepires.email@gmail.conmpcota@uvigo.es
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2. CHI-SQUARE ASEVALUATION FUNCTION The KB is a simple structure that h&CORM
compatibility anda binary codification, allowing the GA

A. A brief introduction to what we will evaluate, why 5 select the most suitable option to a specific case.

and in what way.
This structure will manage virtually autonomously a

The human brain corites four lobes: the occipital, ; o . .
temporal, parietal and frontal lobe. Each one jcSustainable cognitive evolution. The KB will send the

responsible to different functior& the occipital lobe is classifying indicators to the AG which through the

the responsible for processing visual information, theevalualtlon function will allow us to decide whether the

temporal lobe processes auditory information and th@PJectives have been achieved and if there exists any
parietallobe processes information from somatic sensorgond't'On to start a higher level.

and the frontal lobe, which is composed by prefrontal areg. The Outlook.

and motor area, processes the information from the other
three lobes and operates the output. There are grads @[_
cortexes in each lobe of the braivhich decide the levels 931

When moving from traditional learning to educational
earning systems students get increasingly wealin

eir learning proces3echnological systems are the new
ectors used to disseminate knowledge between (actors,
edagogues, tutors and learners) and provide feedback
he learning proces3.he use ofinformation Technology

of cognition, e.g. the perceptions pass through lower lev
of cortexes to higher ones to perform higher cognitio
tasksd different cognition processes have to make use

different levels of cortexes, where demanding cognitiorh-r) in education covers a widengeof very different
taks require more cognition steps than easier ones [1]. activities: e.g. learning  environments,  course

In knowledge acquisition, memory is the physiologicalmanagement, and muchore. Because thenesizefits-
organ or networked neural clusters in the brain forall paradigm cannot be applied to individual learning,
retaining and retrieving informatiod memorization is adaptability is a must. Hence, courseware is eaie
one of the cognitive processes of theitbrat the meta t ai | or ed accor dingeds. Two mainhe | ¢
cognitive layer that establishes (encodes and retains) afi@milies of computerized applications aspire to offer this
reconstructs (retrieves and decodes) information [2]. Idaptability:Intelligent Tutoring Systems (IT§12] and
this way, we can define cognition as the process by whicAdaptive Hypermedia Systems (AHBP].
a sensory stimulus is transformed, reduced, elaborated

stored andecovered for later use. Intelligent Tutoring System§gL2] rely on curriculum

sequencing mechanisms to provide the student with a
In agreement with the idea that learners generallpath through the learningnaterial. An adaptability
learn best when they are given the opportunity to work iralgorithm computes this swalled personalized path,
their preferred learning style, current research ircorresponding to the course construction and curriculum
educational environments has increasingly focused thgequencingl2]. The procesis twofold:
development of ystems that adapt and personalize
instructional contents to g 4ne Ndicveht thpRed ki Bigct the bsp d [
Two key factors of these innovative means are cognitive satisfactory one:
style and the use of appropriatearningplatforms [3]. '

So, making knowledge accessible, available and fDynamically ©nstruct page contents based on the
atractive is a fundamental point to determine the  tutor decision for what the learner should study next;
developmental capacity through knowledge of the
learning curve of a given cognitive profile, potentiating IT Systemsusually provide an evaluation of the
this way the evolutionary capacityhis can be done with | e ar n e r 6 stery o theedbmaim tonceptissough
the structure presented in Fig. 2 whinfconjunction with  an answer analysis and error feedback process that
the results of the evaluation function will be chosen by theventually allows the systemtopdat e t he user 6

GA according to the available solutiodissee Fig. 1. This process is called intelligent solution analy$gj.

‘ Adaptive Hypermedia (AHJ12] wasborn as a trial to
combine ITS and AH. As in ITS, adaptive education
hypermedia focus othe learner, while at the same time it
. A has been greatly influenced by adaptive navigation

K8 W support in educational hypermedifl?]. In fact,
adaptability [12] implies the integration of atudent
model in the system in thigeamework of a curriculum,

A which ®quence depends on pedagogical objectives,
u s enedidsand motivation.

Figure 2. Knowledge Block Structure

Hence the e of adaptve and/or interacte
hypermedia gstems was poposed as a promising
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solution [13]. Adaptivity in e-Learningis a rew regarch
trend thatpersnalizes the educaional process through
the use of Adaptive Eduwcational Hypernedia Systens
(AEHS). These gstems attempt to creste a
individualized ourse acording to theusets persorl
charaotristics, swch as language learnirg style,
preferenes, educatbnal goals and progss. In this way,
instructors expect to solve sane of the main problens of
web couses and fope to siwccea in achieving a better
learning outcomg13].

However, there is still a problem in the presented
families; information comes from different sources
embeddedn diverseformats into the form of metadata
making it troublesome for the computerized
programming to create professional materfd4]. The
major identified problems af@4]:

1 Difficulty in sharinglearning resourcg

Even if all e-Learning systems follow the
common standard, users still have to \isatividual
platforms to gain appropriate course matereahsl
contents. It is comparativelgiconvenient;

1 High redundancy of learning material;

Due to difficulty in sharing resourcedt is hard
for teachers to figure out the redundarmdycourse
materials resulting in the waste of resources,
physically andvirtually;

Even worse, the consistency of course content is
endangered which might eventuaiiow down the
innovation momentum of course materials;

1 Deficiency of the course brief;

It is hard to abstrac course summary or brief
automatically in an efficient way. So, most
courseware systems only list the course names or
the unit titles. Information igsufficient for learners
to judge the quality of the course content before
they enrollin certaincourses;

TABLE 1..- KB Coding

Reserved to Educational Cognitive KB difficulty level
future use Level Profile ID
00000000 00000 000 0000000000000000

All the identified problems are the resolt the
following gaps:

1 Alack of a standardized structure in the
construction of learning objects;

T The l earning objects
possibility to evolve or adapt oneself in
the future in terms of contents are
closed in themselves;

i There is no versdility enough in
classification of learning objects;

9 There is no real intelligent structure to
follow the entire learning proces$
guantitative and qualitative analysis,
choice of the most appropriate learning
object, adequation to the context and
final verification;

i Exists always the possibility of a wrong
judgment about thequality of a
learning object;

The solution that theauthors propose to
implementsolves most of the problems mentioned.
Of all the research conducted until the moment, our
solution is the only one that integrates the following
points:

1 Quantitative and qualitative[11]
analysisd in a near futured of
studentsodé dat a;

i Standardizing ofthe learning objects,
granting them a base structure with
SCORM compatibilityd see Fig. 2
a structured coding see Table 1
and an evolutionary capacity;

1 Integrated platform with intelligent
content managemend see Fig. 3
where the entire learning process is
controlled,;

SCORM World

Quiz Tests &
other Contents.

P

Knowledge
Blocks (Kbs)

Y S |

Figure3. Evolutive Platform Structure
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One of the problems that are virtually impossiblebe used if more than 20% of the expected frequencies
to be solved is the redundancy of learning materialsunder the assumption of independence are less than 5 or if
This matter is not the scope of this investigation, bugny of them is equal to[6].
one possible solution will be the quslicontrol of
the learning objects used by this platform. 5 > 5 :
_(0-¢) (0,—e)) (0;—¢) =i(0j —€)

g g g =

C. The Chisquare evaluation function.

The Chisquare is defined as a discrepancy measure The theory is based mainly on the following two
between the observed frequencies and the expected oressumptions:

1).[5
). 5] ) 1 Hod the vaiables are independenthe method
The @ value is calculated using the following is valid and adequate;
equation: . .
1 Hy 0 the variables are not independenthe
method is not valid or adequate;
LA (n €ii )’
2 _ ij — Hij 1 ) )
= Z Z e @) Note thatthe alternative hypothesis does not have any
i=l j=l1 1 information on the type of association between the
variables.

_ The test works by comparing the observed frequencies
Where p and g is the number atfserved value{),  of each of the p x q cells,;hwith the corresponding
g, is the expected frequency of symbols, apds the  frequencies expected under the hypothesis of
observed frequency. Equation (1) obeys th& Begrees independence,;ethrough the valuvhich is used for the

of @ freedom of distribution and increases when thecalculation of the coefficient of contingen of Pearson
difference between the expected frequency and thgs] (1) (2).

observed frequency is large [8].
a y ge [8] If this value is small enougthen the corresponding

The independence test @hi-squareallows you to  "parrier" is established by the significance level of the
check the mdt_epende_nce between two variables of argst, which means that the differencgs- g are small,
type, grouped in a cangency table. This test should not and we must acceptytds the valid hypothesié].

3. SIMULATION OF EVALUATION FUNCTION CHI--SQUARE
A B Cc Dl Eiileifal oG H | J K L M
;| Theoretical Cognitive Evolution Model - Memorization (Based in Chi-Square)
2
3 Observations Average
4 Obtained Values (0Oj) 12 12 14 15 14 13 10 12 17 15 134
5 Expected Values (Ej) 14 14 14 14 14 14 14 14 14 14
6 iObtained»Exiectedi"ZIObtained 029 0,29 0,00 0.07 0,00 0,07 114 029 0,64 007
7
8
9 Degrees of Fredom 9 z
10 |Error Value (alfa) 0,050 5% X = Zu
11 e;
12 | Chi-Square Value 2,8571 ’
13 Chi-Square Table Value 3,325
14 CONCLUSION
15
16 |Hypothesis to test HO is true
17 HO - The method is valid and adequate
18 H1 - The method is not valid or adequate

19

Figure4. Initial Sampling
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With 10 initial observationsi see Fig. 4, with an

below the reference value in the distribution table of the

expected value (Ejof 14, theChi-square result leads us Chi-square

to conclude thathe Hy hypothesis is valid, since the

When changing the values of cells BBdC5 in E to

value obtainedthrough the application of the evaluation 15, we can observe ththe hypothesis fHare no longer
function is inferior to the value in the distribution table of valid, because the obtain&hi-square value are slightly

the Chi-squared 2,8571 against 3,325 respectively.

As we can observim Fig. 5 when changing the value
of cell B5 inEj to the value 15, th€hi-squarevalue is

superior to the observed in the distribution table of the
Chi-square.

A B c DudecEaulBalGo ikt | J | K L M
1 Theoretical Cognitive Evolution Model - Memorization (Based in Chi-Square)
2
3 Observations Average
4 |Obtained Values (0Oj) 12 12 14 15 14 13 10 12 17 15 134
5 Expected Values (Ej) 15 14 14 14 14 14 14 14 14 14
6 (Obtained-Expected)*2/Obtained 0,60 029 0,00 0,07 0,00 0,07 1,14 0,29 0,64 0,07
if h
8
9 Degrees of Fredom 9 2
10 Error Value (alfa) 0050 5% X = Z G —¢)
11 &;
12 Chi-Square Value 31714 ’
13 Chi-Square Table Value 3,325
14 CONCLUSION
15
16 |Hypothesis to test HO is true
17 HO - The method is valid and adequate
18 H1 - The method is not valid or adequate
19
Figure5. Changing the Expected Valugj) of cells B5 to 15
A B c DileEulabal Gyl I J | K L M
1 Theoretical Cognitive Evolution Model - Memorization (Based in Chi-Square)
2
3 Observations Average
4 |Obtained Values (0j) 12 12 14 15 14 13 10 12 17 15 134
5 Expected Values (Ej) 15 15 14 14 14 14 14 14 14 14
6 (Obtained-Expected)*2/Obtained 0.60 0,60 0.00 0.07 0.00 0.07 1,14 029 0.64 0,07
7 h
8
9 Degrees of Fredom 9 2
10 |Error Value (alfa) 0,050 5% ¥ = Z (G -¢)
1" e;
12 Chi-Square Value 3,4857 i
13 Chi-Square Table Value 3,325
14 CONCLUSION
15
16  Hypothesis to test H1is true and HO is disposable
17 HO - The method is valid and adequate
18 H1 - The method is not valid or adequate
1q
Figure6. Changing the Expected Value (Ej) of cell B5 and C5 to value 15
A B C Dl FilubaluGaletl | J | K L M
1 Theoretical Cognitive Evolution Model - Memorization (Based in Chi-Square)
2
3 Observations Average
4 Obtained Values (0j) 12 12 14 15 14 13 10 12 17 15 134
5 Expected Values (Ej) 15 16| 15| 15| 15| 15| 15| 15| 15| 15
6 (Obtained-Expected)*2/Obtained 0,60 0,60 0,07 0,00 0,07 0,27 1,67 0,60 0,27 0.00
7 h
8
9 Degrees of Fredom 9 2
10 |Error Value (alfa) 0050 5% » = Zu
11 e
i
12 Chi-Square Value 4,1333
13 Chi-Square Table Value 3,325
14 CONCLUSION
15
16 |Hypothesis to test H1 is true and HO is disposable
17 HO - The method is valid and adequate
18 HT1 - The method is not valid or adequate
19

Figure7. Changing the Expected Value (Ej) of all cells to 15
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A B (63 Dl CaliiG H | J K L M

1 Theoretical Cognitive Evolution Model - Memorization (Based in Chi-Square)
2
3 Observations Average
4 |Obtained Values (0j) 13 12| 14| 15| 14] 13| 11 12| 17| 15 13,6
5 [Expected Values (Ej) 15 15 15 15 15 15 15 15 15 15
6 (Obtained-Expected)*2/Obtained 0,27 0,60 0,07 0,00 0,07 0,27 1.07 0,60 0.27 0.00
7 h
8
9 Degrees of Fredom 9 2
10 |Error Value (alfa) 0,050 5% B = Zu
11 @;

| 12 chi-Square Value 3,2000 ’
13 Chi-Square Table Value 3,325
14 CONCLUSION

I 15
16 |Hypothesis to test HO is true
17 HO - The method is valid and adequate
18 H1 - The method is not valid or adequate
19

Figure8. Changing the Obtained Values (Oj) in cells B4 and H4 from value 12 to 13 and from 10 to 11 respectively

A B c o = Y P I J | K L M
1 Theoretical Cognitive Evolution Model - Memorization (Based in Chi-Square)
2
3 Observations Average
4 Obtained Values (Oj) 14 13| 14| 15| 14| 13| 12] 12| 47| 15 139
5 Expected Values (Ej) 16 16 16 16 16 16 16 16 16 16
6 (Obtained-Expected)*2/Obtained 025 0,56 0,25 0,06 0,25 0,56 1,00 1,00 0,06 0,06
7 h
8
|| 9 Degrees of Fredom 9 2
|[ 10 Error Value (alfa) 0050 5% X = Z (G —¢)
1 e
12 | Chi-Square Value 4,0625 ’
|| 13 Chi-Square Table Value 3,325
1| 14 CONCLUSION
15
|| 16 |Hypothesis to test H1is true and HO is disposable
17 HO - The method is valid and adequate
18 H1 - The method is not valid or adequate
1a

Figure9. Changing the Expected Value (Ej) to 16 and rising cells B4, C4 and H4 one value

As we can observein Fig. 7,when the expected value the student, in theorycan achieve knowledge at this
is changed to 15t turns into an unsustainable value. Thelevel.
value obtained through the evaluation function ) )
considerably exceeds the observed in the distribution tabfe: Comparative analysis.

of the Chi-square. This situation was alrgadxpected, Observing Fig. 10, Fig. 11 and Fig. 12 and by
since as we can qpserveﬁ'rg. 3andl_:ig. 4, the slightlyEj analyzing the trace of the blue and green lines, in all the
value change anticipatéhat conclusion examples, we realize that in relation to theappingof

Maintaining all the structure and changing only thethe_ bIl_Je Iine_ around the referenge lide the red line,
cells B4 and Ht one value each, the oHhypothesis is which is the line that represents tievalued the closer

again true. We cathen concludehypothetically that the €Y are, the highes the probability ofj be correct and,
student can now achieve the level 15. consequently the choice made by the GA will be most

accurate in the choicef the KB level mosadequatdo
the difficulty level that the evaluation function will

Changing alEj values to level 16 and rising one value
geturn.

in cell B4, C4 and H4, the level 16 is now accepted a

lid, making the hypothesisgHrue, which that . . o
vaid, maxing fhe NypotnesiSoHrue, which measitha As for the green line on the chaittfollows in direct

proportion the dephasing of the evaluation function.
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In Fig. 10 we verify that the involvement of the blue
line in relation to the red reference line is approximate, In Fig. 11 we can observe that the dephasing between

with the exceptions that are presented in to the referentidhe blue line and the reference lie the red on& is

X, in the peaks of points 7 and 9, respectively. accentuated. This happens hesm the expected value is

not a viable value to fulfill the Fhypothesis.
We will observe in Fig. 11 and Fid2 that these

peaks will increase in direct proportion to the remoteness
of the blue line in relation to red line.

A B [0} DBl Fule Gl I J K L M N o 2, Q R S
1 Theoretical Cognitive Evolution Model - Memorization (Based in Chi-Square)
&
3 Observations Average
4 Obtained Values (Oj) 12 12 14 15 14 13 10 12 17 15 134
5 Expected Values (Ej) 14 14 14 14 14 14 14 14 14 14
6 (Obtained-Expected)*2/Obtained 029 029 0,00 0.07 0,00 0.07 1.14 0.29 0.64 0,07 18
7 5 A
8 o
9 Degrees of Fredom 9 2 g 9
10 |Error Value (alfa) 0050 5% 0= Z G -9 12 Lodt A
1 P 2 =4=Obtained Values (0j)
12 | Chi-Square Value 2,8571 3 4
13 Chi-Square Table Value 3,325 1 8 =i~ Expected Values (Ej)
14 CONCLUSION 'E 6
15 2, e (Obtained-
16 |Hypothesis to test HO is true Expected)A2/Obtained
17 HO - The method is valid and adequate 2
18 H1 - The method is not valid or adequate P S S —
;g 123 456 7 8 910
21 Observations
22

Figure 10. Comparative Analysis of Obtained Values (Oj) vs Expected Values (Ej) for Expected Value (Ej) of 14

| 4] B C o =0 M e ] | J | K L M N (0] B2 Q R S
1] Theoretical Cognitive Evolution Model - Memorization (Based in Chi-Square)
2
) Observations Average
4 Obtained Values (0j) 12 12, 14| 15| 14| 13| 10! 12| 17| 15 134
5 Expected Values (Ej) 15 15 15 15 15 15 15 15 15 15 |
6 (Obtained-Expected)*2/Obtained 0,60 0,60 0,07 0,00 0,07 0,27 1,67 0,60 0,27 0,00 =2 18
7 » A
8
| 9 Degrees of Fredom 9 3 Sl
10 Error Value (alfa) 0050 5% [y Z G -9) St — )
e o —% i == Obtained Values (0j)
12 Chi-Square Value 4,1333 > =
13 Chi-Square Table Value 3,325 g8 =B Expected Values (Ej)
14 CONCLUSION 6
|15 H ;
| : 3 = S a4 —te(Obtained-
| 16 Hypothesis to test H1 s true and HO is disposable Expected)"2/Obtained
117 HO - The method is valid and adequate 2
118 H1 - The method is not valid or adequate 0 A el S
;g 123 456 7 8 910
124 Observations
22
Figure11. Comparative Analysis of Obtained Values (Oj) vs Expected Values (Ej) for Expected Value (Ej) of 15
| 4] B C DR ET RS EGHEH) | J K L M N (0] P Q R S
B Theoretical Cognitive Evolution Model - Memorization (Based in Chi-Square)
2
3 Observations Average
4 | Obtained Values (0j) 12 12 14 15 14 13 10 12 17 15 134
5 Expected Values (Ej) 16 16 16 16 16 16 16 16 16 16
6 |Obtained-ExiecledI"ZlObtained 1,00 1,00 0,25 0,06 0,25 0,56 2,25 1,00 0,06 0,06 B
i
8
9 Degrees of Fredom 9 2 g
10 Error Value (alfa) 0050 5% »n= z@;‘l_)_ =t ; :
1 ¢ ] == Obtained Values (Oj)
12 Chi-Square Value 6,5000 2
13 Chi-Square Table Value 3,325 ® =#—Expected Values (Ej)
14 CONCLUSION -
15 ' : [ e (Obtained-
16 |Hypothesis to test H1 is true and HO is disposable Expected)A2/Obtained
17 HO - The method is valid and adequate 2 =
18 H1 - The method is not valid or adequate 0 S St T e O
;g 12 3 4567 8 910
2 Observations
22

Figure12. Comparative analysis of Obtained Values (Oj) vs Expected Values (Ej) for Expected Vahiel@E|
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In the latter casé seeFig. 12, the spacing between diverts from the average valuesbtained inOj, the
the blue line in relation to the reference lidethe red involvement of the blue curve in relation to the red
line, shows that the expected value are totally out ofeference line becomes increasingly out of phase. This
phase in relation to the possible cognitive reality. means that the exped valuedn Ej are not adequate to
relation to the green line, it becomes obvious a greataheobtained values ;.
amplitude due to the fact that the difference betwegn
andEj be considerably higher. In this sense there needs to be a correction to a more

approximate value of the average valuegfto obtain a

By the analysis of the three previous examg@lesee value of the evaluation function that allows the H

Fig. 10, Fig. 11 andFig. 12, we can infer thataintaining  hypothesis to be true.

the Oj values unchanged, when the valijéncreases and
45

49 Values
50 | Chi-Square @ Obtained Values Set 12 12| 14| 15| 14| 137 10| 12} 17| 15
51 Chi-Square @ Expected Values (Ej) of 14 029 0,29 0,00 0,07 0,00 0,07 1,14 0,29 0,64 0,07
52 |Chi-Square @ Expected Values (Ej) of 15 0,60 0,60 0,07 0,00 0,07 0,27 1.67 0.60 0,27 0,00
53 | Chi-Square @ Expected Values (Ej) of 16 1,00 1,00 0,25 0,06 0,25 0,56 2,25 1,00 0,06 0,06
54
55 18
56
57 16 A\
58 14 -
59
60 12 + === Chi-Square @
61 10 ¢ Obtained Values Set
62
63 o =@~ Chi-Square @
64 6 Expected Values (Ej) of
65 14
66 4
67
68 2
69 0 B
70
71
7
Figure 13. Comparative Analysis of Expected Values (Bf)14
45
49 Values
50 Chi-Square @ Obtained Values Set 12 12| 14| 15{ 14| 13} 10| 12| 17} 15
51 | Chi-Square @ Expected Values (Ej) of 14 0,29 0,29 0,00 0,07 0,00 0.07 1,14 0,29 0.64 0,07
52 Chi-Square @ Expected Values (Ej) of 15 0.60 0,60 0,07 0,00 0.07 0,27 1,67 0,60 0,27 0,00
53 Chi-Square @ Expected Values (Ej) of 16 1,00 1,00 0,25 0,06 0,25 0,56 2,25 1,00 0,06 0,06
54
55 18
56 . A
58 14 1 o
59
60 12 5 === Chi-Square @
61 10 ¥ Obtained Values Set
62
63 8 Chi-Square @
64 6 Expected Values (Ej) of
65 15
66 4
67
68 2
69 0 i i
70 1 2 3 4 5 6 7 8 9 10
7

Figure14. Comparative Analysis of Expected Values (Ej) of 15
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43
49 Values
50 Chi-Square @ Obtained Values Set 12 12, 14| 15 14| 13| 10 12| 17| 15
51 Chi-Square @ Expected Values (Ej) of 14 0.29 0.29 0.00 0,07 0,00 0,07 1,14 0,29 0,64 007
52 Chi-Square @ Expected Values (Ej) of 15 0.60 0,60 007 0,00 0,07 0,27 1,67 060 0,27 0,00
53 Chi-Square @ Expected Values (Ej) of 16 100 1,00 025 0,06 0.25 056 225 1,00 0.06 0,06
54
55 18

16

58 14

59

60 12 =¢=Chi-Square @

61 10 Obtained Values Set
62

63 8 == Chi-Square @

64 6 Expected Values (Ej) of
65 16

66 4 S

Figure15. Comparative Analysis of Expected Values (Ej) of 16

Figure 16. Comparative analysigeview)of Expected Values (Ej) of 14, 15 e 16 for the same set of Obtained Values (Oj)

In conclusion, ad by the analysis of the datdone in
When comparingChi-squarefor the Ej of 14, 15 and  this chapter, we may conclude thatsmall X* value
16, respectively see Fig. 13, 14 and ¥ maintaining  indicate a good fit between the observed and the expected
the same values @fj, we can verify that the amplitudes Values. Large differences betweezzn observed and expected
of the evaluation function are considerablegpof value ~ Values result in a large valud X°. Consequently, large
15 and 16, respectivelit was an expected reactiomse values usually lead to the rejection of thg hypothesis
the values above 14 are not real for the present scenarid
0 see Fig. 1 (Obtained Values). If we observe also the
average valu® see Fig. 1 0 would beunreal, the
assumption of values above 14 with an average of 13, 4.4 CONCLUSIONS AND FUTURE WORK

The expected results, according to the simulations,

By comparative analysis of thentire data seb see allow us to conclude that the method will work, more that
the acuity level imposed margin of error () is

Fig. 16, we observe effectively that to the samiedata
: . extremely low, only 5 %.
set, comparatively, we can see a remarkable discrepancy
of the Oj value of 10 for alEj 's and, transversely, greater In order to evaluate the proposed system, a class of
amplitude to values dj of 15 and 16. students (21 children involved) has been divided
randomly into two groups. One group uses the system



