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Abstract

In this work, we propose the use of multivariate data analysis in addition to the
classical descriptive statistics, to address the problem of Students’ Evaluation
of Teaching Effectiveness (SETE) in a Teleinformatics Engineering course of the
Federal University of Ceará. First, the factorial analysis validates the application
of the SETE instrument in the Teleinformatics Engineering course’s context. The
Cronbach’s α revealed high internal consistency of the dataset. The PCA has
been applied in order to take some intrinsic information about the relationship
among the disciplines that have been analyzed, using the students’ point of view.
The curricular structure found into PCA application must be validated, then the
Hierarchical Cluster Analysis (HCA) has been used to validate the PCA course’s
structure using the Ward’s method that validates the PCA’s curricular structure.
The results show that our study allows an analysis of how students perceive
different disciplines about different criteria, which may serve as an indicator of
educational quality for educational assessment area.

Keywords: PCA, Engineering Education, SETE, University Teaching.



Resumo

Nesta pesquisa, a estat́ıstica multivariada foi utilizada para analisar a avaliação
da efetividade do ensino (do inglês Students’ Evaluation of Teaching Effectiveness
- SETE) no primeiro ano do curso de Engenharia de Teleinformática da Univer-
sidade Federal do Ceará. O SETE é uma metodologia de avaliação desenvolvida
para captar a opinião dos alunos sobre onze fatores que levam em consideração a
efetividade do ensino. Aspectos como evasão, baixo rendimento e estrutura cur-
ricular são considerados objeto de estudo nesta pesquisa. Inicialmente a análise
fatorial foi aplicada no instrumento de medida do SETE para a verificar se ele se
torna consistente ao ser aplicado no contexto do curso de Engenharia de Telein-
formática. Após a validação do instrumento com a aplicao da análise fatorial, foi
realizada uma estat́ıstica descritiva para a anlise inicial dos dados coletados. Desde
já pode-se observar uma boa avaliação dos alunos nas disciplinas relacionadas a
área tecnológica do curso. Com a aplicação da Análise de Componentes Prin-
cipais (do inglês Principal Components Analysis - PCA) foram obtidas variáveis
latentes que nos permitiram observar a estrutura curricular do curso sob a ótica
da efetividade do ensino. A fim de validar a estrutura gerada pelo PCA, a Análise
de Agrupamento Hierárquica (do inglês Hierarchical Cluster Analysis - HCA) em
toda a base de dados coletada, na qual a partir da utilização do método Ward,
a estrutura curricular obtida pela aplicação do PCA foi validada. Os resultados
mostram que nosso estudo permite uma análise de como os estudantes avaliam
diferentes disciplinas sob diferentes critérios, o qual pode servir como indicador da
qualidade do ensino para a área de avaliação educacional.

Palavras-Chave: PCA, Ensino de Engenharia, SETE, Estrutura Curricular.
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Notation

In this dissertation the following conventions are used. Scalar variables are denoted
by lower-case letters (a, b, . . . , α, β, . . .), vectors are written as boldface lower-case
letters (a,b, . . . ,α,β, . . .), matrices correspond to boldface capitals (A,B, . . .).
The meaning of the following symbols are, if nothing else is explicitly stated:

AT transpose of A

IN Identity matrix of dimension N .

an n-th vector of the matrix A
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CHAPTER 1

Introduction

The constant evolution of resources and computer technology in the contemporary
society is a reflection of several research studies in engineering and technological
innovation that emerged in recent years in the areas of computing, telecommu-
nications and information technology (IT). In this scenario, increasingly industry,
research centers and several companies all over the world demand for professionals
and researchers in IT engineering and this has led to a growing number of people
to choose this career [1] [2].

However, there is a considerable number of engineering courses in the world that
suffer high withdrawal and failure rates of students in their early years, especially
in fundamental discipline areas like mathematics and science [1] [2]. Moreover,
during the formation of a basic engineering course, in general, it is necessary that
the student in the first year obtain knowledge and skills in core content basic
scientific areas like Physics, Calculus, Algebra, Chemistry and, sometimes, also in
introductory technological areas. Moreover, the number of engineering graduates is
increasing as a problem, since high-school enrollments in mathematics and physics
are currently significantly higher [1].

In particular, the Federal University of Ceará (UFC) by the Department of
Teleinformatics Engineering (DTIE) of Technology Center, located in northeastern
Brazil, offers the Teleinformatics Engineering (TIE) undergraduate course. This
course was created in 2003 under the direct responsibility of DTIE and put to-
gether two important research areas, Informatics and Telecommunications,with the
perspective of forming a professional with skills and competencies in dealing with
both areas in an integrated way with a great impact to the current society. Tele-
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communications is largely responsible for the agility and integrability of the flow
of information, thus constituting a key element in ensuring reliable and affordable
communication among people, leading to widespread development [3]. The tele-
communications and computing technological development as well as the industry
that integrates teleinformatics, in the last decade have reached an extremely high
level of complexity, pointing to new forms of relationships that strongly indicate
a better quality of life for people in general. Worldwide, the effects of this new
era are felt in different ways, both in social and professional experience. Job op-
portunities in these sectors are increasing, giving rise to even repressed demands,
where the labor market is eager for a highly qualified workforce, reflecting the
global reality.

In order to detect possible indicators in the quality of education as well as explain-
ing the factors such as evasion, failure rates and to promote possible suggestions
for restructuring the TIE course curriculum, a study was conducted to assess the
effectiveness of teaching students (Student Evaluation of Teaching Effectiveness -
SETE) [7]-[12] in the basic disciplines of the TIE first year course. The Educamet-
rics [15] becomes a key area of knowledge to explore concepts related to subjective
aspects of education, taking into account mathematical approaches.

Research indicates that the student can provide valid information and opinions
about many aspects of teaching. This assessment can often be taken into account
for the success in the process to level up teaching staff, that can be to approve or
even promote the reformulations in a course curricular structure [3].

Universities and education programs around the world regularly use the student
by means of evaluation of teaching effectiveness to determine the quality of their
courses (SETE), although some faculty members question the usefulness and valid-
ity of student ratings [7]-[12]. Although some disagreements have occurred, the
SETE is an important tool for measuring the quality of education courses, espe-
cially in the context of higher education [11].

In general, learning refers to student perceptions of personal growth and progres-
sion and development in different areas of development of professional knowledge
[12].

The effectiveness is an important parameter for evaluating the results of a struc-
tural action. Its main characteristic is not restricted to the results obtained by
direct action themselves, but turn to the evaluation of the contribution of this
action in achieving the goals proposed. Thus, even an action that meets satisfact-
orily the requirements of efficiency and efficacy may prove ineffective in achieving
the bigger goals that shaped it.
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The SETE was applied to TIE students who had attended all the basic disciplines
of the first year engineering course in which students are interviewed to assess the
performance of their teachers and the quality of education taking into considera-
tion various aspects of the disciplines and students themselves in terms of quality
through a survey that used the Likert scale.

Although SETE is used as an important tool for evaluating teaching effectiveness,
it is noticed in several studies [2][7][12] that the data analysis is often limited to the
use of basic statistical descriptive analysis or factor analysis in order to validate
the instrument for data collection and to form a cluster on scales of issues present
in the evaluation form applied to students. However, descriptive statistics does
not reveal the correlation between the factors analyzed.

In this research, which was implemented in the TIE course in Brazil, in addition to
the classic statistical techniques traditionally used in previous studies [14][16]-[17],
the multivariate analysis was applied [13][15][17], that is proposed to analyze the
SETE dataset collected, in order to validate the application of SETE methodology
in the UFC, using factor analysis, and doing an exploratory study into the discip-
lines and SETE factors that have been analysed using the Principal Component
Analysis (PCA) and the Cluster Analysis [34] methods.

The choice of Factor Analysis to validate the instrument is that this method was
used to validate the SETE instrument by Marsh [20] but we need to validate
this same instrument into our research context according to a latent structure
performed previously.

The PCA and Cluster Analysis methods was chosen by its wide use in data mining
studies, not being ruled out the possibility of applying other methods of matrix
decomposition in this dataset, such as Independent Component Analysis (ICA),
Singular Value Decomposition (SVD), LU Decomposition and others.

PCA is a bilinear method that allows the dataset decomposition into scores and
loadings that describe the dataset in a more condensed form than the original
data matrix [35]-[37]. This assumes that there is a latent structure of the dataset,
allowing a compact description by a reduced number of factors, which facilitates
the interpretation of relevant or integrative information.

In this context the PCA analysis seems promising as well as innovative since results
may be relevantly obtained through this analysis regarding the effectiveness of the
teaching process promoted by the disciplines and in relation to quality of teacher’s
performance in each of them belonging to the same category. In other words, they
are basic disciplines of the course’s first year but are sometimes noticeably different
from the students point of view.
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The Cluster Analysis is a statistical tool that need to arrange the multivariate
data into natural groups [43][44]. In this research, the Cluster Analysis validates
the PCA results using the Hierarchical Cluster Analysis method.

1.1 Contributions

To summarize, the main contributions of this dissertation are:

• Validate the SETE instrument used into TIE courses’ context at UFC.

• Describe the features evaluated using the classical and multivariate statistics.

• Use the rank reduction concept to analyze the relationship among the fea-
tures and disciplines analyzed.

• Validate the rank reduction applied previously using the cluster analysis
method.

1.2 Organization

The contributions of this dissertation are structured in five chapters. Following a
brief content of each chapter.

Chapter 2: Multivariate Data Analysis. This chapter provides an overview of
multivariate statistics methods, describing the mathematical tools used in this
research.

Chapter 3: Educational Evaluation. This chapter presents a review of the relev-
ant educational evaluation literature using the educametrics concept. The teaching
evaluation is a problem that will be considered to solve the problem of this research.

Chapter 4: Mathematical Modeling. In this chapter, we will present all meth-
odology that shows the course context and the methodological approach of the
proposal using the mathematical tools previously discussed.

Chapter 5: Results and Discussion. The main findings of this dissertation are
presented in this chapter, including the validation of the instrument used to the
teaching evaluation and the relationship among all features evaluated.
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Chapter 6: Conclusion and Perspectives. Finally, in this chapter, we will discuss
some concluding remarks and possible future works.

This dissertation work has originated some publications in conferences and one
journal. In the following, a list of publications is presented:

Journal paper:

1. F. H. L. Vasconcelos, T. E. V. da Silva, A. L. F. de Almeida, J. C. M.
Mota and W. B. Andriola, ”Analyzing the Students Evaluation of Teaching
Effectiveness in an Engineering Course”, IEEE Transaction on Education,
submitted, 2013.

Conference papers:

1. F. H. L. Vasconcelos, T. E. V. da Silva, W. M. dos Santos, A. L. F. de
Almeida, W. B. Andriola and J. C. M. Mota, ”Multilinear Decomposition
Application into Students’ Evaluation of Teaching Effectiveness”, Proc. of
IEEE Global Engineering Education Conference (EDUCON), Berlin, Ger-
many, accepted for publication, 2013.

2. A. O. R. Franco, T. E. V. da Silva, F. H. L. Vasconcelos and I. R Paiva,
”Evaluating the Students’ Perception of the Teaching Effectiveness in a
Teleinformatics Engineering”, Proc. of IEEE Global Engineering Education
Conference (EDUCON), Berlin, Germany, accepted for publication, 2013.

3. T. E. V. da Silva, F. H. L. Vasconcelos, A. L. F. de Almeida, J. C. M.
Mota and W. B. Andriola, ”Multivariate Analysis for Students’ Evaluation
of Teaching Effectiveness in Teleinformatics Engineering”, Proc. of IEEE
International Conference on Teaching, Assessment and Learning for Engin-
eering (TALE), Hong Kong, China, 2012.

4. T. E. V. da Silva, T. I. A Souza, F. F. Santos Filho, F. J. dos Santos, P. R.
B. Gomes, G. O. Ribeiro, A. O. Nunes and F. H. L. Vasconcelos, ”Análise
de Componentes Principais Aplicada a Avaliação Discente: Um Estudo de
Caso em Ambientes Virtuais de Aprendizagem.” Proc. of Computer on the
Beach, Florianópolis, Brazil, pp. 71-80, 2012.

5. F. H. L. Vasconcelos, T. E. V. Silva, P. R. B. Gomes, A. O. Nunes, W.
B. Andriola, A. L. F. de Almeida and J. C. M. Mota, ”Análise do Desem-
penho Discente em um Ambiente Virtual de Aprendizagem Através de De-
composições Tensoriais Multilineares”. Proc. of XXII Brazilian Symposium
on Education Informatics, Sergipe - Brazil, pp. 2282-2292, 2011.



CHAPTER 2

Multivariate Data Analysis

The Multivariate analysis is based on the statistical principle of multivariate stat-
istics, which involves observation and analysis of more than one statistical outcome
variable at a time. In design and analysis, the technique is used to perform trade
studies across multiple dimensions while taking into account the effects of all vari-
ables on the responses of interest [34][38].

Data collected on several variables for each sampling unit, we shall call as Mul-
tivariate Data. For example, if we collect information on weight (w), height (h),
and shoe size (s) from each of a random sample of individuals, then we would refer
to the triples (w1, h1, s1), (w2, h2, s2), as a set of multivariate data.

Multivariate techniques can be categorized as either dependence or interdepend-
ence techniques, in this dissertation, we will use the interdependence technique,
that there are no dependent and independent variable designations, then all vari-
ables are treated equally in a search for underlying patterns of relationship.

2.1 Basic Mathematical Concepts

In this section, some of the basic conceptions used in this chapter are presented,
like: covariance matrix, correlation matrix, eigenvectors and eigenvalues. These
elements are important to understand the Multivariate Analysis that will be used
in this research.
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2.1.1 Covariance Matrix

In statistics, various analyzes can be made about a data set, as the arithmetic
mean, standard deviation and variance. The last two measuring how much data
are separated regarding the average (the variance is equal to the square of standard
deviation).

All these measurements, however, consider separately each data type. In turn, the
covariance is always measured between two dimensions. Considering the matrix
Xm×2 = [x1 | x2], the formula for the covariance of this data is [34]:

Cov(x1,x2) = E[(x1 − x1)(x2 − x2)
T ] (2.1)

In the Equation 2.1, x1 and x2 are a vector. Elements with a bar over them (x1)
are the averages of the vectors.

If the data has more than two dimensions, it must have the covariance between
each pair of dimensions. From this idea, there is the covariance matrix (see Equa-
tion 2.2).

U =

(
cov(x1,x1) cov(x1,x2)
cov(x2,x1) cov(x2,x2)

)
(2.2)

The main diagonal of the covariance matrix contains the variances and the other
positions the correlation between the directions. This matrix is symmetric and
real, so that it is always possible to find a set of orthonormal eigenvectors [34].

2.1.2 Correlation Matrix

Correlation is a technique for investigating the relationship between two quantit-
ative, continuous variables, for example, age and blood pressure. Pearson’s cor-
relation coefficient (ρ) is a measure of the strength of the association between the
two variables.

The formula for Pearson’s correlation takes on many forms. A commonly used
formula is shown below. Considering the matrix Xm×2 = [x1 | x2]:

Corr(x1,x2) = ρ =
E[(x1 − x1)(x2 − x2)

T ]

σx1σx2

(2.3)
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The correlation matrix (Φ) computes the correlation coefficients of the columns of
a matrix (see Equation 2.4). That is, row m and column 1 or 2 of the correlation
matrix is the correlation among the 2 columns. The diagonal elements of the
correlation matrix will be 1 since they are the correlation of a column with itself.
The correlation matrix is also symmetric since the correlation of column 1 with
column 2 is the same as the correlation of column 2 with column 1.

Φ =

(
ρx1x1 ρx1x2

ρx2x1 ρx2x2

)
(2.4)

The Pearson coefficient of linear correlation (ρ) use the following levels of correla-
tion [40]:

• if ρ > 0.90 - Very Strong Correlation.

• if 0.70 > ρ > 0.90 - Strong Correlation.

• if 0.40 > ρ > 0.70 - Moderate Correlation

• if 0.20 > ρ > 0.40 - Weak Correlation.

• if 0 > ρ > 0.20 - Very Weak Correlation.

The Pearson coefficient ranges from -1 to 1. The sign indicates positive or negative
direction of the variables relationship and the value suggests the strength of that
relationship. A perfect correlation (-1 or 1) indicates that the score of one variable
can be determined exactly when the score of the other variable is known.

2.1.3 Eigenvectors and Eigenvalues

It is known that a vector υ is an eigenvector of a square matrix M if Mυ results in
a multiple of υ, so we have the relation λυ. In this case, λ is called the eigenvalue
of M associated a υ eigenvector.

An eigenvectors’ property is that they are orthogonal. This property is important
because it makes possible to decompose the data as a base formed by eigenvectors.

The eigenvectors associated with the eigenvalues will be nonzero vectors in space
solution det(λI−M) = 0. This space is called the M eigenspace associated to λ.
The bases formed for each of these eigenvectors are called eigenspace bases.
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The sum of the variances of all principal components is equal to the sum of the
variances of all variables, that is, all of the original information has been explained
or accounted for. Eigenvalues are the variance explained by each principal com-
ponent, and to repeat, are constrained to decrease monotonically from the first
principal component to the last. These eigenvalues are commonly plotted on a
scree plot to show the decreasing rate at which variance is explained by additional
principal components.

2.2 Factor Analysis

Factor analysis is a statistical method used to describe variability among observed,
correlated variables in terms of a potentially lower number of unobserved variables
called factors. In other words, it is possible, for example, that variations in three
or four observed variables mainly reflect the variations in fewer unobserved vari-
ables. Factor analysis searches for such joint variations in response to unobserved
latent variables. The observed variables are modeled as linear combinations of
the potential factors, plus ”error” terms. The information gained about the in-
terdependencies between observed variables can be used later to reduce the set of
variables in a dataset. Computationally this technique is equivalent to low rank
approximation of the matrix of observed variables. Factor analysis originated
in psychometrics, and is used in behavioral sciences, social sciences, marketing,
product management, operations research, and other applied sciences that deal
with large quantities of data [47]-[51].

Of a primary interest in factor analytic theory is the nature of common factors.
Therefore, the primary objective in factor analysis methodology is to determine
the number and nature of those factors, and the pattern of their influences on the
surface attributes.

Since the influence of common factors on surface attributes gives rise to correlations
among those attributes, the observation of correlated surface attributes can be
taken as an indication that common factors are operating. Given correlations
among a number of surface attributes draw from a particular domain, it may be
possible to determine, from the pattern of correlation, the number of common
factors operating and something about their nature. This is the goal of the factor
analysis.

When conducting a factor analysis, two possible modes of analysis may be con-
sulted. First, the data can be analyzed with no preconceived ideas concerning the
underlying constructs or structure of the data. This mode of research is known as
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exploratory factor analysis and is effective when the researcher knows little con-
cerning the theory behind the data that has been collected. Second, confirmatory
factor analysis may be used when the researcher has an understanding of the con-
structs that underlie the data. In short, confirmatory factor analysis (CFA) is a
theory testing procedure whereas exploratory factor analysis (EFA) is a theory
generating procedure.

2.2.1 Choosing the Number of Components

There are a number of procedures in order to determine the best number of factors,
including scree plot, parallel analysis, kaiser criterion, and model comparison. The
first three measures rely on eigenvalues. The eigenvalue of a factor represents the
amount of variance of the variables accounted for by that factor. The lower the
eigenvalue, the less that factor contributes to the explanation of variances in the
variables [38].

Scree plot

Compute the eigenvalues for the correlation matrix and plot the values from largest
to smallest. Examine the graph to determine the last substantial drop in the
magnitude of eigenvalues. The number of plotted points before the last drop is the
number of factors to include in the model [41]. This method has been criticized
because of its subjective nature (i.e., there is no clear objective definition of what
constitutes a substantial drop).

Parallel analysis

Compute the eigenvalues for the correlation matrix and plot the values from largest
to smallest and then plot a set of random eigenvalues. The number of eigenvalues
before the intersection points indicates how many factors to include in your model.
This procedure can be somewhat arbitrary (i.e. a factor just meeting the cutoff
will be included and one just below will not).

Kaiser criterion

Compute the eigenvalues for the correlation matrix and determine how many of
these eigenvalues are greater than 1. This number is the number of factors to
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include in the model. A disadvantage of this procedure is that it is quite arbitrary
(e.g., an eigenvalue of 1.01 is included whereas an eigenvalue of .99 is not). This
procedure often leads to overfactoring and sometimes underfactoring. Therefore,
this procedure is not reliable.

Model comparison

Choose the best model from a series of models that differ in complexity. Research-
ers use goodness-of-fit measures to fit models beginning with a model with zero
factors and gradually increase the number of factors. The goal is to ultimately
choose a model that explains the data significantly better than simpler models
(with fewer factors) and explains the data as well as more complex models (with
more factors).

There are different methods that can be used to assess model fit:

• Likelihood ratio statistic: Used to test the null hypothesis that a model has
perfect model fit. It should be applied to models with an increasing number
of factors until the result is nonsignificant, indicating that the model is not
rejected as good model fit of the population. This statistic should be used
with a large sample size and normally distributed data. There are some
drawbacks to the likelihood ratio test. First, when there is a large sample
size, even small discrepancies between the model and the data result in model
rejection. When there is a small sample size, even large discrepancies between
the model and data may not be significant, which leads to underfactoring.
Another disadvantage of the likelihood ratio test is that the null hypothesis
of perfect fit is an unrealistic standard.

• Root mean square error of approximation (RMSEA) fit index: RMSEA is
an estimate of the discrepancy between the model and the data per degree
of freedom for the model. Values less that .05 constitute good fit, values
between 0.05 and 0.08 constitute acceptable fit, a values between 0.08 and
0.10 constitute marginal fit and values greater than 0.10 indicate poor fit .
An advantage of the RMSEA fit index is that it provides confidence intervals
which allow researchers to compare a series of models with varying numbers
of factors.
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2.2.2 Factor Rotation

When the first factor solution does not reveal the hypothesized structure of the
loadings, it is customary to apply rotation in an effort to find another set of
loadings that fit the observations equally well but can be more easily interpreted
[34]. As it is impossible to examine all such rotations, computer programs carry
out rotations satisfying certain criteria.

Perhaps the most widely used of these is the Varimax criterion [42]. It seeks
the rotated loadings that maximize the variance of the squared loadings for each
factor; the goal is to make some of these loadings as large as possible, and the
rest as small as possible in absolute value. The Varimax method encourages the
detection of factors each of which is related to few variables. It discourages the
detection of factors influencing all variables.

2.2.3 Confirmatory Factor Analysis versus Exploratory
Factor Analysis

Confirmatory Factor Analysis (CFA) and Exploratory Factor Analysis (EFA) are
powerful statistical techniques. An example of CFA and EFA could occur with
the development of measurement instruments, e.g. a satisfaction scale, attitudes
toward health, customer service questionnaire. During the process, a blueprint is
developed, questions written, a response scale determined, the instrument pilot
tested, data collected, and CFA completed. The blueprint identifies the factor
structure or what we think it is. If questions do not measure what we thought
they should, the factor structure does not follow our blueprint, the factor structure
is not confirmed, and EFA is the next step. EFA helps us determine what the factor
structure looks like according to participant responses. Exploratory factor analysis
is essential to determine underlying constructs for a set of measured variables.

Confirmatory Factor Analysis

Confirmatory Factor Analysis (CFA) seeks to determine if the number of factors
and the loadings of measured (indicator) variables on them conform to what is
expected on the basis of pre-established theory [39]. Indicator variables are selected
on the basis of prior theory and factor analysis is used to see if they load as
predicted on the expected number of factors. The researcher’s a priori assumption
is that each factor (the number and labels of which may be specified a priori) is
associated with a specified subset of indicator variables. A minimum requirement
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of confirmatory factor analysis is that one hypothesizes beforehand the number
of factors in the model, but usually also the researcher will posit expectations
about which variables will load on which factors [34]. The researcher seeks to
determine, for instance, if measures created to represent a latent variable really
belong together.

The following are the procedures involved in confirmatory factor analysis (CFA):

1. Defining individual construct: First we have to define the individual con-
structs. The first step involves the procedure that defines constructs the-
oretically. This involves a pretest to evaluate the construct items, and a
confirmatory test of the measurement model that is conducted using con-
firmatory factor analysis (CFA), etc.

2. Developing the overall measurement model theory: In confirmatory factor
analysis (CFA), we should consider the concept of unidimensionality between
construct error variance and within construct error variance. At least four
constructs and three items per constructs should be present in the research.

3. Designing a study to produce the empirical results: The measurement
model must be specified. Most commonly, the value of one loading estimate
should be one per construct. Two methods are available for identification;
the first is rank condition, and the second is order condition.

4. Assessing the measurement model validity: Assessing the measurement
model validity occurs when the theoretical measurement model is compared
with the reality model to see how well the data fits. To check the measure-
ment model validity, the number of the indicator helps us. For example, the
factor loading latent variable should be greater than 0,7.

Exploratory Factor Analysis

Exploratory Factor Analysis (EFA) aims to unravel relationships between variables
and/or subjects without explicitly assuming specific distributions for the variables
[34]. The idea is to describe the patterns in the data without making (very) strong
assumptions about the variables. In a sense the techniques are primarily treating
samples as populations. Generalisability should come from replication rather than
assumptions about sampling.

There are seven basic steps to performing an EFA:

1. Collect measurements.
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2. Obtain the correlation matrix.

3. Select the number of factors for inclusion.

4. Extract your initial set of factors.

5. Rotate your factors to a final solution.

6. Interpret your factor structure.

7. Construct factor scores for further analysis.

EFA decomposes an adjusted correlation matrix. Variables are standardized in
EFA, (e.g., mean=0, standard deviation=1), diagonals are adjusted for unique
factors. The amount of variance explained is equal to the trace of the matrix,
the sum of the adjusted diagonals. The variables are a linear combination of the
underlying and unique factors [38].

Factors account for common variance in a data set. The amount of variance ex-
plained is the trace (sum of the diagonals) of the decomposed adjusted correlation
matrix. Eigenvalues indicate the amount of variance explained by each factor.
Eigenvectors are the weights that could be used to calculate factor scores. In
common practice, factor scores are calculated with a mean or sum of measured
variables that ”load” on a factor. A Principal Components Analysis is a special
case of EFA, as we can see in Section 2.3.

2.3 Principal Components Analysis

Principal Component Analysis (PCA) is a multivariate statistical method, which
aims to identify the relationship between features extracted from the data re-
garding its reduction, elimination of overlap and the choice of the most relevant
linear data combinations from the original variables [35][36][37]. Known as Ho-
telling Transform, the PCA transforms discrete uncorrelated variables in coeffi-
cients through a linear transformation applied in data, so that the resulting data
has its most significant component in the first dimension, referred to as principal
component.
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2.3.1 Calculating PCA

As a principle for the PCA calculation, consider a random vector x =
(x1, x2, ..., xp)

T containing p vector components, where T means the transpose
of the vector. The covariances matrix of the random vector x with square di-
mensionality of size p is denoted by: Cov(x) = Up×p. The covariance matrix is
a symmetric nonnegative matrix aTUa > 0 for every constant vector a ∈ <p.
This condition implies that the matrix eigenvalues are denoted by λ1, λ2, ..., λp are
nonnegative (λi ≥ 0, for any i = 1, 2, ..., p).

By the Spectral Decomposition Theorem [17] Up×p is a covariance matrix, there
exist an orthogonal matrix Ep×p where ETE = EET = I as:

ETUE = Λ, (2.5)

where Λ is a diagonal matrix with entries λ1, λ2, ..., λp that are the eigenvalues of
the matrix Up×p, that are ordered in descending order. We say that the matrix
Up×p is similar to the matrix Λ.

The ith column of the matrix E is the normalized eigenvector ei corresponding to
the eigenvector of λi with i = 1, 2, ..., p which is denoted by ei = (e1, e2, ..., ep)

T .
Then the matrix Ep×p is given by E = [e1e2...ep] and the spectral decomposition
theorem has the following identity:

Up×p = EΛET = Σp
i=1λieie

T
i = Σp

i=1λiEi, (2.6)

which E = eie
T
i is a rank one matrix, that form a basis of the decomposition of

U, that the projects components values are the eigenvalues.

For the application of PCA in a matrix X, we can obtain a new coordinate system
which axes are now in the direction of the eigenvectors related to U. So we can
rewrite PCA as a rank reduction problem that can be viewed in Equation 2.7:

U ≈ Σp−n
i=1 λieie

T
i , (2.7)

where λp−n >> λp, and i = p − (n − p) for p > n and n indicates how much we
will reduce the rank matrix to the new uncorrelated variables.

Among the main applications of PCA we have [36][37]: 1. Information Compres-
sion (voice and image) and 2. Rank Reduction (attribute selection and model).
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In the application of rank reduction, PCA has the property to minimize the mean
square error between the reconstructed data and original data [37]. It is assumed,
for example, which have input data X with rank m and output data Y with rank
m1 where m1 < m.

2.4 Factor Analysis versus Principal Compon-

ents Analysis

Exploratory factor analysis is often confused with principal component analysis
(PCA), a similar statistical procedure. However, there are significant differences
between the two: EFA and PCA will provide somewhat different results when
applied to the same data.

The purpose of PCA is to derive a relatively small number of components that can
account for the variability found in a relatively large number of measures. This
procedure, called data reduction, is typically performed when a researcher does
not want to include all of the original measures in analysis but still wants to work
with the information that the retain dataset contains.

Differences between EFA and PCA arise from the fact that the two are based on
different models. The first difference is that the direction of influence is reversed:
EFA assumes that the measured responses are based on the underlying factors
while in PCA the principal components are based on the measured responses.
The second difference is that EFA assumes that the variance in the measured
variables can be decomposed into that accounted for by common factors and that
accounted for by unique factors. The principal components are defined simply as
linear combinations of the measurements, and so will contain both common and
unique variance.

In summary, you should use EFA when you are interested in making statements
about the factors that are responsible for a set of observed responses, and you
should use PCA when you are simply interested in performing rank reduction of
the original dataset.

Evidently, there must be a connection between the set of factors and the selected
dataset retained, which can establish a transformation that combines both meth-
ods, when it identifies the irreducible information contained in the set of samples.
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2.5 Cluster Analysis

Clustering and classification are both fundamental tasks in Pattern Recognition.
Classification is used mostly as a supervised learning method and clustering is
used for unsupervised learning (some clustering models are for both). The goal of
clustering is descriptive, that of classification is predictive[43]. Since the goal of
clustering is to discover a new set of categories, the new groups are of interest in
themselves, and their assessment is intrinsic [44]. In classification tasks, however,
an important part of the assessment is extrinsic, since the groups must reflect some
reference set of classes.

Clustering of objects is as ancient as the human need for describing the salient
characteristics of men and objects and identifying them with a type. Therefore, it
embraces various scientific disciplines: from mathematics and statistics to biology
and genetics, each of which uses different terms to describe the topologies formed
using this analysis. From biological ”taxonomies”, to medical ”syndromes” and ge-
netic ”genotypes” to manufacturing ”group technology” - the problem is identical:
forming categories of entities and assigning individuals to the proper groups within
it.

2.5.1 Hierarchical Method

This procedure attempts to identify relatively homogeneous groups of cases (or
variables) based on selected characteristics, using an algorithm that starts with
each case (or variable) in a separate cluster and combines clusters until only one
is left [38]. You can analyze raw variables, or you can choose from a variety of
standardizing transformations. Distance or similarity measures are generated by
the Proximities procedure. Statistics are displayed at each stage to help you select
the best solution.

These methods can be subdivided as following [34]:

• Agglomerative hierarchical clustering: Each object initially represents a
cluster of its own. Then clusters are successively merged until the desired
cluster structure is obtained.

• Divisive hierarchical clustering: All objects initially belong to one cluster.
Then the cluster is divided into sub-clusters, which are successively divided
into their own sub-clusters. This process continues until the desired cluster
structure is obtained.
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The most common result of the hierarchical methods is a dendrogram, representing
the nested grouping of objects and similarity levels at which groupings change. A
clustering of the data objects is obtained by cutting the dendrogram at the desired
similarity level.

Determining the Number of Clusters

Many clustering algorithms require that the number of clusters will be pre-set
by the user [45]. It is well-known that this parameter affects the performance of
the algorithm significantly. This poses a serious question as to which number of
clusters (k) should be chosen when prior knowledge regarding the cluster quantity
is unavailable. Note that most of the criteria that have been used to lead the
construction of the clusters are monotonically decreasing in k. Therefore using
these criteria for determining the number of clusters results with a trivial cluster-
ing, in which each cluster contains one instance. Consequently, different criteria
must be applied here. Many methods have been presented to determine which k
is preferable. These methods are usually heuristics, involving the calculation of
clustering criteria measures for different values of k, thus making it possible to
evaluate which k was preferable.

In this research we chose the Ward’s method [46] to determinate the number of
clusters founded. Ward’s method says that the distance between the clusters A
and B, is how much the sum of squares will increase when we merge them:

∆(A,B) = Σi∈A∪B‖xi −mA∪B‖2 − Σi∈A‖xi −mA‖2 − Σi∈B‖xi −mB‖2

= (
nAnB

nA + nB

)‖mA −mB‖2 (2.8)

where m is the center of cluster, and nj is the number of points in it. ∆ is called
the merging cost of combining the clusters A and B. With hierarchical clustering,
the sum of squares starts out at zero (because every point is in its own cluster)
and then grows as we merge clusters. Ward’s method keeps this growth as small as
possible. This is nice if you believe that the sum of squares should be small. Notice
that the number of points shows up in ∆, as well as their geometric separation.
Given two pairs of clusters whose centers are equally far apart, Ward’s method
will prefer to merge the smaller ones.

Ward’s method is both greedy, and constrained by previous choices as to which
clusters to form. This means its sum-of-squares for a given number k of clusters is
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usually larger than the minimum for that k, and even larger than what the cluster
algorithm will achieve. One common trick is use hierarchical clustering to pick
k, and then run the cluster algorithm starting from the clusters found by Ward’s
method to reduce the sum of squares from a ”good” starting point.

In this research, a agglomerative hierarchical method was applied, using only the
dissimilarity (distance measure) concept.



CHAPTER 3

Teaching Evaluation using Students’
Opinion

The evaluation, in its widest sense, can be defined as a process that aims the col-
lection and use of this information that allow decision making on an educational
program, therefore, should be understood as a diversified activity that requires
taking many kinds of decisions and the use of a great number of different inform-
ation.

3.1 Historical Overview

The end of century XIX is regarded as the beginning of a revolutionary period in
the scientific field, promoting the beginnings of a predominance in psychometric
psychology, contributing to its rise to the status of science, and which allows the
assignment of grades to school work, creating conditions to a scientific stage for
educational assessment.

Psychometrics is the field of study concerned with the theory and technique of psy-
chological measurement, which includes the measurement of knowledge, abilities,
attitudes, personality traits, and educational measurement. The field is primarily
concerned with the construction and validation of measurement instruments such
as questionnaires, tests, and personality assessments.

Although many studies of psychometrics being used in the area of educational
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measures, the wide use of mathematical tools in this context allows us to evaluate
the necessity of using a specific term for this area. In 1960, the term Educametrics
was created by Basant P. Lulla [4], which has a strong relationship with psycho-
metry, often with confusion between them. This has not become a term widely
used in the literature, however with the increasing researches that proposes the
use of mathematical and statistical models in education, based on information
processing, the term is most appropriate for Educametrics designation of this area
of cognitive development.

The need to measure situations related to the educational context, makes the
application of Educametrics a fundamental piece for the analysis and interpretation
of data collected.

Before the 70’s, the assessment of teaching quality was taken seriously, especially
within its primary and secondary education. In higher education, the teachers
were evaluated to make decisions about their hiring and promotions, as well as its
ability to not create problems.

In the 80’s, accountability pressures and changes in funding to support the higher
education have the influence of universities that pay more attention to assessing
their teaching [5][6]. Teacher evaluation begins to be seen as indicator of institu-
tional quality.

In the nineties, also get a growing concern about the use of teacher evaluations
based only on student evaluation to assist the decision making. The use of eval-
uation results based on the opinion of students with summative and formative
purposes, increased concern about the misuse of assessment results and the con-
sequences that may arise from this misuse, such as decreasing the quality of teach-
ing or the violation of professors’ freedom in the education process.

In this chapter, the literature review concerning the use of formal instruments to
measure students’ evaluations of their teachers, students’ satisfaction with their
programmes and students’ perceptions of the quality of their programmes. In gen-
eral, these questionnaires can provide important evidence for assessing the quality
of teaching, for supporting attempts to improve the quality of teaching and for
informing prospective students about the quality of course units and programmes.
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3.2 Students’ Evaluation of Teaching Effective-

ness

The Students’ Evaluation of Teaching Effectiveness (SETE) methodology, that
was created by Herbert M. Marsh [21][19][20][7], is widely used around the world.
The main purposes of SETE are [20]:

• Diagnostic feedback to teachers about the effectiveness of their teaching that
will be useful for the improvement of teaching;

• Measuring of teaching effectiveness to be used in personal decisions;

• Information for students to use in the selection of courses and teachers; and

• An outcome or a process description for research on teaching.

Certain student rating forms provide important feedback that can be used to
improve teaching performance [20][7].

The feedback in question usually takes the form of students’ ratings of their level
of satisfaction or their self-reports of other attitudes towards their teachers or their
course units. The feedback is obtained by means of standard questionnaires, the
responses are automatically scanned, and a descriptive summary of the responses
is returned to the relevant teacher and, if appropriate, the teachers head of de-
partment. The process is relatively swift, simple and convenient for both students
and teachers, and in most North American institutions it appears to have been
accepted as a matter of routine. It has, however, been described as a ’ritual’, and
precisely for that reason it may not always be regarded as a serious matter by those
involved. In many institutions, the instruments used to obtain student feedback
have been constructed and developed in-house and may never have been subjected
to any kind of external scrutiny. Marsh [19] described five instruments that had
received some kind of formal evaluation and others have featured in subsequent
research.

Researchers [7][8][9][10] agree that teaching is a complex activity consisting of
multiple dimensions and that formative-diagnostic evaluations of teachers should
reflect this multidimensionality. This contention is supported by common sense
and a considerable amount of empirical research [20].

Global or overall ratings cannot adequately represent the multidimensionality of
teaching. They also may be more susceptible to context, mood, and other potential
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biases than are specific items that are more closely tied to actual teaching beha-
viors, leading Frey (1978) to argue that they should be excluded. In the ongoing
debate between Abrami and Marsh (and their colleagues), Abrami and d’ Apol-
lonia [22][23] seemed to initially prefer the sole use of global ratings for personnel
decisions, whereas Marsh [20] preferred a profile of scores, including the different
factors, global ratings, expected grades, and prior subject interest ratings, but
they apparently agreed that an appropriately weighted average of specific SETE
factors may provide a workable compromise between these two positions.

Many SETE instruments fail to provide a comprehensive evaluation of theoretically
sound, multiple dimensions of teaching quality, thus undermining their usefulness,
particularly for diagnostic feedback. ”Homemade” SETE surveys constructed by
lecturers or committees are rarely evaluated in relation to rigorous psychometric
considerations and revised accordingly. This variation in quality also complicates
the interpretation and the generalizability of SETE research. SETE instruments
should be designed to measure separate components of teaching effectiveness, and
support for the construct validity of the multiple dimensions should be evaluated.
The failure to recognize this multidimensionality of SETE’s undermines the ability
to understand their reliability, validity, relation to potential biases, and utility in
improving teaching effectiveness.

Marsh [20][7] conclude that SETE is:

• Multidimensional;

• Reliable and stable;

• Primarily a function of the instructor who teaches a course rather than the
course that is taught;

• Valid in relation to a variety of indicators of effective teaching;

• Relatively unaffected by a variety of variables hypothesized as potential bi-
ases; and

• Considered to be useful to students to use in course selection, to administrat-
ors to use in decisions about staff and to teachers as feedback on teaching.

3.3 Why use formal instruments?

Student feedback can be obtained in many ways other than through the admin-
istration of formal questionnaires. These include casual comments made inside
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or outside the classroom, meetings of staffstudent committees and student rep-
resentation on institutional bodies, and good practice would encourage the use of
all these means to maintain and enhance the quality of teaching and learning in
higher education. However, surveys using formal instruments have two advantages
[33]: they provide an opportunity to obtain feedback from the entire population of
students; and they document the experiences of the student population in a more
or less systematic way.

3.3.1 Course Perception Questionnaire

In an investigation into determinants of approaches to studying in higher educa-
tion, Ramsden and Entwistle [26] developed the Course Perceptions Questionnaire
(CPQ) to measure the experiences of british students in particular degree pro-
grammes and departments. In its final version, the CPQ contained 40 items in
eight scales that reflected different aspects of effective teaching. It was used by
Ramsden and Entwistle in a survey of 2208 students across 66 academic depart-
ments of engineering, physics, economics, psychology, history and english. A factor
analysis of their scores on the eight scales suggested the existence of two underly-
ing dimensions: one reflected the positive evaluation of teaching and programmes,
and the other reflected the use of formal methods of teaching and the programmes’
vocational relevance.

The CPQ was devised as a research instrument to identify and to compare the
perceptions of students on different programmes, and Ramsden and Entwistle were
able to use it to reveal the impact of contextual factors on students’ approaches
to learning. However, the primary factor that underlies its constituent scales is
open to a natural interpretation as a measure of perceived teaching quality, and
Gibbs et al. [27] argued that the CPQ could be used for teaching evaluation
and course review. Even so, the correlations obtained by Ramsden and Entwistle
between students’ perceptions and their approaches to studying were relatively
weak. Similar results were found by other researchers [28] and this led to doubts
being raised about the adequacy of the CPQ as a research tool [29].

3.3.2 Course Experience Questionnaire

Ramsden [30] developed a revised instrument, the Course Experience Question-
naire (CEQ), as a performance indicator for monitoring the quality of teaching
on particular academic programmes. In the light of preliminary evidence, a na-
tional trial of the CEQ was commissioned by a group set up by the Australian
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Commonwealth Department of Employment, Education and Training to examine
performance indicators in higher education [31]. In this national trial, usable re-
sponses to the CEQ were obtained from 3372 final-year undergraduate students at
13 Australian universities and colleges of advanced education (see also [32]).

The instrument used in this trial consisted of 30 items in five scales which had
been identified in previous research as reflecting different dimensions of effective
instruction: good teaching (8 items); clear goals and standards (5 items); ap-
propriate workload (5 items); appropriate assessment (6 items); and emphasis on
independence (6 items). The defining items of the five scales (according to the res-
ults of the national trial) are shown in Table 1. In addition, three of the items in
the Appropriate Assessment scale could be used as a subscale to monitor the per-
ceived importance of rote memory as opposed to understanding in assessment.The
respondents were instructed to indicate their level of agreement or disagreement
(along a scale from ’definitely agree’, scoring five, to definitely disagree, scoring
one) with each statement as a description of their programme of study. Half of
the items referred to positive aspects, whereas the other half referred to negative
aspects and were to be scored in reverse. This means that the instrument as a
whole controlled for any systematic responses biases either to agree with all of the
items or to disagree with all of the items. (Unfortunately, the items to be scored
in reverse were not distributed equally across the five CEQ scales.)

As a result of this national trial, it was determined that the Graduate Careers
Council of Australia (GCCA) should administer the CEQ on an annual basis to
all new graduates through the Graduate Destination Survey, which is conducted
a few months after the completion of their degree programmes. The survey of the
1992 graduates was carried out in 1993 and obtained usable responses to the CEQ
from more than 50,000 graduates from 30 institutions of higher education [33].

3.3.3 Students’ Evaluation of Educational Quality

An instrument was created in order to obtain the students feedback. This instru-
ment is called Students’ Evaluation of Educational Quality (SEEQ) that appears to
measure the most broadly representative set of scales and has the strongest factor
analytic support of these instruments [20] (see SEEQ adapted in Appendix A).

The strongest support for the multidimensionality of SETE is based on the nine-
factor (Learning/Value, Instructor Enthusiasm, Organization/Clarity, Group In-
teraction, Individual Rapport, Breadth of Coverage, Examinations/Grading, As-
signments/Readings, and Workload/Difficulty) SEEQ instrument [20][7]. These
factors are based on various sources (e.g., reviews of current instruments, inter-
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views with students and teachers) and psychometric analysis and were supported
by Marsh and Dunkin’s evaluation in relation to theories of teaching and learning.

The factor structure of the SEEQ has been confirmed in several studies. In par-
ticular, Marsh and Hocevar [24][25] showed that it was invariant across teachers
of different status and across course units in different disciplines and at different
levels. There is a consensus that students ratings of teaching effectiveness vary on
a large number of dimensions, but there is debate as to whether these can be sub-
sumed under a single, more global dimension. Marsh [19] argued that, although
students’ scores on the dimensions of the SEEQ were correlated with each other,
they could not be adequately captured by a single higher-order factor. On the
other hand, Abrami and d’Apollonia [22][23] proposed that students’ evaluations
of teaching were subsumed by a single overarching construct that they defined as
’general instructional skill’.

In this research, we consider these factors from the measured statistical data that
comes from the application of the SEEQ instrument applied to students in the
first year of the TIE course, under the organizational and operational approach of
linear algebra, which allows the decomposition of the statistical representations in
dimensions associated with the factors extracted from the dataset.



CHAPTER 4

Mathematical Modeling

In this chapter we present the methodological aspects that guided the development
of this research, as well as how the tools of the multivariate statistics was applied
in the information processing context.

4.1 Motivation and Methodology

The evaluation of the first year of the TIE course in the students’ perspective and
perception was administered with students in the 3rd and 4th years of the TIE
course and the goal is to check out the great importance of the disciplines ana-
lyzed in the students’ point of view. The SEEQ instrument was performed in 4
classes of students who were enrolled in the disciplines of Signals and Systems and
Digital Signal Processing. Students of both disciplines were invited to participate
voluntarily in this research, ensuring their, as well as teachers, anonymity. Stu-
dents were selected from these two disciplines, because all of these students had
already attended the basic disciplines of the TIE first year and also had a prior
authorization of the teachers of the four classes for the data collection instrument
that was used on students during the classes. During the implementation of SETE
some characteristics of the instrument were clarified to the participants, and also
a process of awareness to the participants was done, highlighting the importance
and necessity of the questionnaires to be answered in the most faithful and true
way to the reality of events during classes taught in the disciplines investigated in
the first year.
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Figure 4.1: Application of the SETE Questionnaire.

All data was collected between the last fortnight of April 2012 and the first fort-
night of May 2012. Of the total of 120 students who enrolled in four classes, 100
students completed the questionnaire, yielding a participation rate of 83.3%.

Table 4.1: Characteristics of the Participants.

Class Disciplines Registered Students Participating Students Period

1 TI0047 - Signals and System 31 20 Evening

2 TI0055 - Digital Signal Processing 14 14 Evening

3 TI0047 - Signals and System 46 40 Daytime

4 TI0055 - Digital Signal Processing 29 26 Daytime

Total Number of Students 120 100 -

4.1.1 Subjects and Course

Department of TIE

The TIE course that was created in 2003, belongs to the Department of TIE
(DTIE), which is a sub-unit of the Technology Center of the UFC. The DTIE
was created in March 2001 and it was the pioneer in Brazil in relation to the
provision of undergraduate, master’s and Ph.D. in TIE, as well as outreach activ-
ities, which focus mainly on information processing in the context of integrated
telecommunications and computing.

The performance of the DTIE in undergraduate teaching is done by TIE under-
graduate courses (www.cgeti.deti.ufc.br). Every year 110 students entered, and the
post-graduate studies of the DTIE has master’s and doctoral. The post-graduate
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program in TIE (www.ppgeti.ufc.br) consists of two areas of concentration: Signals
and Systems and Applied Electromagnetics.

Regarding the extension, DTIE acts with their laboratories in partnership with
companies of productive society, performing not only the training of engineers
and researchers, as well as scientific and technological research focused on cutting-
edge intellectual and industrial development in various sectors such as systems
and mobile phone networks, computer architecture, robotics, optical systems and
devices, among others.

TIE Course

The world is experiencing a transformation at a pace never before experienced.
The world population is growing increasingly demanding for goods and services
in an ascending scale, set in a finite ecosystem, society is demanding a greater
degree of rationalization of its resources for the benefit of a better redistribution
of wealth, and more fairly.

Rather, areas of knowledge regarded as independent, are now not only touching,
but are transposing their borders and leading to the emergence of new areas of
human knowledge. More than a mix, we are witnessing a convergence of techno-
logies.

In this context, the objective of the TIE course is to train engineers in the telein-
formatics area with a solid and consistent technical and scientific training which
will enable them to absorb and develop new technologies, encouraging their critical
and creative role in identifying and solving related problems, considering its polit-
ical, socioeconomic, environmental and cultural, ethical and humanistic vision in
meeting the needs of society.

Among the specific objectives of the course, we can emphasize:

• Provide multidisciplinary knowledge of current technologies used in telecom-
munications systems and computer systems, including aspects of processing,
transmitting and receiving information.

• Provide training in TIE with emphasis on telecommunications engineering
and computer engineering, consistent with emerging markets, still in need of
skilled labor.

• Enable the professional engineer to carry out assignments in the follow-
ing technical areas: signal transmission, antenna and switching, transmis-
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sion systems, data, video and voice by cable, optic fiber, microwave links,
satellites, television and radio systems; systems and mobile phone networks,
optical communications systems, high-speed networks, internet and mobile
computing.

We emphasize that the TIE course is designed to have a strong appeal for tech-
nological formation in all years of formation, since the course’s first year. This
was a paradigm shift in the traditional engineering education, which reserves, in
general, for their first two years of the course a strong scientific background, and
then balances the professional formation content with the engineering sciences, as
technologies for engineering.

Finally, the course presents daytime and evening classes and the average duration
for the completion of the regular TIE course is 5 years for the daytime class and
6 years for the evening class.

4.1.2 Measurement Instrument

The SETE questionnaire, adopted and modified from previous studies [2] is divided
into eleven different subscales, in this study. This questionnaire is the Student’s
Evaluations of Educational Quality (SEEQ) instrument [7].

The 1.Learning (Lrn) subscale reflects what students learned in the classroom.
Four items examine the student’s interest, knowledge and skill in the discipline
area. The 2.Enthusiasm (Enth) is a subscale made up of four questions about
the motivation, dynamism and enthusiasm conveyed by the teacher during class.
The third factor is the 3.Organization (Orgn), which also assesses claims by four
transmission qualities and clarity of content by the teacher, as if the objectives
were achieved and the lessons taught eased the assimilation of the content from
reading the classes notes. The next item was the 4.Group Interaction (Grp), which
investigates the stimulus that the teacher causes to intervene in the classroom dur-
ing class and if the students are encouraged to participate with their own ideas or
answer questions posed by the teacher. The fifth subscale deals with the relation-
ship between teacher and students and is called the 5.Individual Rapport (Ind).
This item explores the relationship between teacher and students in extracur-
ricular activities and their availability to serve them. Another important subscale
is 6.Breadth (Brd) that investigates the opinions of students towards teacher’s skills
and concepts and ideas he develops in class, presenting their views and presenting
research results in the content of that particular area.

The 7.Examinations (Exam) subscale, assesses the availability of the teacher in
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correcting the assessments and judging if their methods are appropriate. The next
subscale is the 8.Assignments (Asgn) that assesses whether the workload of the
activities as well of the readings and available texts contribute to learning. The
ninth and tenth subscales have the same goal, namely Overall, the first of which
refers to the overall discipline 9.(O Disc) in relation to other disciplines, while the
second evaluates the teacher 10.(O Inst) in relation to other teachers that students
have been students at, in the institution. Finally, the last evaluated indicator with
four items is the 11.Student and Discipline Characteristics(C Carac) respects to
the difficulty of the course in relation to the another one, as well as the rate classes
and the time required for commitment of the pupil. All 35 items belonging to these
11 factors were evaluated in 5 parts of the Likert-scale, from very poor (1) to very
good (5).

4.2 Preprocessing Data

The data obtained from this research is multivariate and in the field of sensory
analysis there is no theory that describes when individuals have different prefer-
ences. In this regard, the application of chemometrics methods is an elegant way
of exploring data of this nature [18].

In general, students data has the following form: K students x I disciplines x with
respect to J attributes, the set of 11 SEEQ factors [7]. The values obtained were
transformed from a 3D array to a 2D array performing an average of students’
responses (Figure 4.2).

Figure 4.2: Data organization.

The matrix Xm with the dimensions (I - disciplines x J - SEEQ factors) obtained
from the average of the scorings per student, a two-dimensional array is explored
by PCA through an average configuration matrix, where the average information
about the student’s is considered. The disciplines that have been analyzed: 1.Fun-
damental Physics (FP), 2.Programming Techniques (PT), 3.Fundamental Calculus
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(FC), 4.Digital Logic Project (DLP), 5.General Chemistry (GQ), 6.Experimental
Physics (EP), 7.Engineering Design (ED) and 8.Linear Algebra (LA).

4.3 Mathematical Tools Application

In this section we present the mathematical tools used to obtain the results of this
research.

4.3.1 Descriptive Statistics

To capture the distributions of the scores assigned by the issues in the SEEQ
instrument, it was used the concept of average and standard deviation to represent
those distributions.

The cube originated (see 4.2) of data collection allows us to analyze the data set in
several perspectives. In this case, we will relate the disciplines analyzed with the
SEEQ factors that composed the scores of these disciplines, it will be compute an
average of the students’ responses, along with their respective standard deviation.

In this study, we will represent the students’ responses using the box plot repres-
entation to represent the variability of the students’ responses. Box plots are an
informative way to display a range of numerical data. It can show many things
about a dataset, like the lowest term in the set, the highest term in the set, the
median, the upper quartile, and the lower quartile.

4.3.2 Linear Correlation

In this research the Pearson linear coefficient was calculated in order to know the
linear relationships among the 11 attributes. As it was seen in Chapter 2, from
the value calculated by the coefficient, we can determine how strong, or not, is the
linear relationship among the variables.

We will use the following levels of correlation of the Pearson coefficient (ρ) [40]:

• if ρ > 0.90 - Very Strong Correlation.

• if 0.70 > ρ > 0.90 - Strong Correlation.
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• if 0.40 > ρ > 0.70 - Moderate Correlation

• if 0.20 > ρ > 0.40 - Weak Correlation.

• if 0 > ρ > 0.20 - Very Weak Correlation.

4.3.3 Factor Analysis Modeling

Factor Analysis is a statistical method commonly used during instrument develop-
ment to cluster items into common factors, interpret each factor according to the
items having a high loading on it, and summarize the items into a small number
of factors. Loading refers to the measure of association between an item and a
factor. A factor is a list of items that belong together. Related items define the
part of the construct that can be grouped together. Unrelated items, those that
do not belong together, do not define the construct and should be deleted.

The Confirmatory Factor Analysis (CFA) help us to validate the application of
the SEEQ instrument into the UFC context [47]-[51]. However this instrument
was widely validate, an important step in our research is validate the application
of this instrument since we use a brazilian portuguese translation version and we
can lose some information about the instrument when the translate was made.

Exploratory Factor Analysis (EFA) is a particular factor analysis method used in
this research to examine the relationships among variables without determining a
particular hypothetical model.

Validating the Factor Analysis

We can assess sampling adequacy by examining the Kaiser-Meyer-Olkin (KMO)
output provided in the factor analysis. A KMO correlation above 0.60 - 0.70 is
considered adequate for analyzing the EFA output [34]. In addition to examining
KMO for sampling adequacy, it is important to evaluate the correlation matrix
of all survey items to determine if the matrix can be analyzed using factor ana-
lysis. If the correlation matrix is an identity matrix, i.e. there is no relationship
among the items, it cannot be analyzed. Bartletts test of sphericity provides a
chi-square output that must be significant, which indicates the matrix is not an
identity matrix. If the KMO correlation indicates sample adequacy and Bartletts
test of sphericity indicates the item correlation matrix is not an identity matrix,
researchers can move forward with the factor analysis.
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Internal Consistency Reliability

Internal consistency examines the inter-item correlations within an instrument and
indicates how well the items fit together conceptually. In addition, a total score of
all the items is computed to estimate the consistency of the whole questionnaire.
Cronbach’s-α was computed to examine the internal consistency of the SEEQ in-
strument. Its should be computed for each subscale as well as the entire scale. The
Cronbach’s-α was calculated in order to establish internal consistency reliability
for each factor analyzed.

4.3.4 PCA Modeling

The Principal Components Analysis was applied in order to detect possible re-
lationship among the attributes analyzed and among the disciplines too. The
concept of rank reduction is important because since that we can see where is con-
centrate the most relevant information part of the original dataset into the new
uncorrelated variables.

The rank reduction, through the PCA method, in this study will allow the extrac-
tion and selection of the most significant features into the context of evaluating
the teaching effectiveness related to the disciplines in focus.

4.3.5 Cluster Analysis Methods

Cluster analysis is a very popular tool for analyzing unstructured multivariate data.
The methodology consists of various algorithms each of which seeks to organize a
given data set into homogeneous subgroups, or ”clusters”.

The choice of a method (algorithm) depends on, among other things, the size of
the data file. Methods commonly used for small data sets are impractical for data
files with thousands of cases. A software called Statistical Package for the Social
Sciences (SPSS) is a important tool in a data mining procedure [40], including
cluster analysis, and it has three different procedures that can be used to cluster
data [43][44]:

• Hierarchical Cluster Analysis (HCA): If we have a small dataset and want to
easily examine solutions with increasing numbers of clusters, you may want
to use hierarchical clustering.
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• K-Means Cluster: If we know how many clusters you want and you have a
moderately sized data set, we can use k-means clustering.

• Two-step Cluster: If we have a large data file (even 1,000 cases is large for
clustering) or a mixture of continuous and categorical variables, we should
use the SPSS two-step procedure.

In our case, it is clear that we should use the HCA.

After choosing the best clustering method to use in our dataset, another important
step is to know which proximity criterion we will adopt to classify each cluster.
In statistics, Ward’s method is a criterion applied in hierarchical cluster analysis.
Ward’s minimum variance method is a special case of the objective function ap-
proach originally presented by [46]. Ward suggested a general agglomerative hier-
archical clustering procedure, where the criterion for choosing the pair of clusters
to merge at each step is based on the optimal value of an objective function. This
objective function could be ”any function that reflects the investigator’s purpose.”
Many of the standard clustering procedures are contained in this very general class.
To illustrate the procedure, Ward used the example where the objective function
is error sum of squares, and this example is known as Ward’s method or more
precisely Ward’s minimum variance method.

Ward’s minimum variance criterion minimizes the total within-cluster variance.
At each step the pair of clusters with minimum cluster distance are merged. To
implement this method, at each step find the pair of clusters that leads to minimum
increase in total within-cluster variance after merging. This increase is a weighted
squared distance between cluster centers (or centroid). At the initial step, all
clusters are singletons (clusters containing a single point). To apply a recursive
algorithm under this objective function, the initial distance between individual
objects must be (proportional to) squared Euclidean distance.

The initial cluster distances in Ward’s minimum variance method are therefore
defined to be the squared Euclidean distance between points:

dij = d{{xi}, {xj}} = ‖xi − xj‖2 (4.1)

A cluster is generally thought as a group of items in which each item is ”close”
(in some appropriate sense) to a central item of a cluster and that members of
different clusters are ”far away” from each other. In a sense, then, clusters can be
viewed as ”high-density regions” of some multidimensional space. Such a notion
seems fine on the surface if clusters are to be thought of as convex elliptical regions.



CHAPTER 5

Results and Discussion

In this chapter, we promote a description of the main findings obtained by the
reliability and statistical descriptive of the dataset, the factor analysis that validate
the use of SEEQ instrument in our context of research, and the application of PCA
and cluster analysis methods to identify the correlations among the variables.

Psychometricians have also developed methods for working with large matrices of
correlations and covariances. Techniques in this general tradition include: factor
analysis, a method of determining the underlying dimensions of data; and data
clustering, an approach to find objects that are like each other. All these mul-
tivariate descriptive methods try to distill large amounts of data into simpler.
These methods allow statistically sophisticated models to be fitted to data , ones
as will be shown in the next sections.

5.1 Validating the SEEQ Instrument

In this section we will present the validation of the SEEQ instrument for the UFC
context. Considering that the instrument had to be translate, it is important to
know if there was no translation error in the intention of the items mentioned by
Marsh.
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5.1.1 Factor Analysis

The Table 5.1 shows the Kaiser-Meyer-Olkin (KMO) and Bartlett’s tests that
indicate the suitability of our data for structure detection. It is important to
notice that this is an important step into Factor Analysis context, since we need
to prove that our dataset is useful for this kind of analysis.

The KMO test is a statistic that indicates the proportion of the data variance
that can be considered common to all variables, namely that can be assigned to a
common factor, then: the closer to 1 (unity) the result is better, ie, the sample is
better suited to the application of factor analysis.

The sphericity Bartlett test verify whether the correlation matrix is a identity
matrix, which would indicate that there is no correlation among the variables. In
this way, we looking for a significance level (Sig.) of 5% to reject the null hypothesis
of the identity correlation matrix.

Table 5.1: KMO and Bartlett’s tests.

Kaiser-Meyer-Olkin Measure of Sampling Adequacy 0.886

Bartlett’s Test of Sphericity Approx. χ2 2919.637

Sig. 0.000

These tests validate the Factor Analysis application into our dataset, since we have
value higher than 0.5 in KMO and the Sig. less than 0.05 in the Barlett’s test,
the last one means that the correlation matrix of the dataset is not the identity
matrix [49]. The chi-square coefficient is a value of dispersion for two nominal scale
variables, used in some statistical tests. It tells us to what extent the observed
values deviate from the value expected if the two variables were not correlated.
According to [39], the chi-square test testify that our variables are correlated.

A Confirmatory Factor Analysis (CFA) was conducted to verify if the domain
configuration theoretically of the SEEQ instrument, defined by Marsh and Bailey
previously, could be confirmed empirically. This procedure was chosen because
it has been applied by the developer of the instrument in order to validate their
ability to assess its application context.

As we can see in Table B.1 ( see Appendix B), only the items Q1 and Q11 are
nonstandard, these two items does not influence into the validation of the SEEQ
instrument, since we have a total of 35 items and a average has been performed into
SEEQ factors. In the final analysis, these items were removed when the average
matrix of the students’ responses was calculated. Nevertheless, this does not mean
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a lot of change, because the item’s average not change too much.

Although factor analysis has provided 10 clusters, the cluster 9 will be unbundled
in two more factors (O Disc and O Inst), as a matter of the importance of these
two factors in the overall analysis of the factors for their relevance in relation to
the other factors. This situation was discuss in [20].

5.1.2 Internal Consistency

To assess the degree of internal consistency of the factors obtained, we have the
Cronbach’s α-coefficient (see Eq. 5.1). This coefficient reflects the degree of general
covariance of the items among themselves, thus serving as an indicator of internal
consistency.

α = (
k

k − 1
)× (1− Σk

j=1V ar
2
i

V ar2t
) (5.1)

where k is related to the number of items used in the questionnaire for each factor,
V ar2i is the variance of each item and s2t is the total variance of the sum of all
items that belongs to the factor.

The Cronbach’s α is a widely used method in psychometrics that provides the
degree of internal consistency of a measure; it is a stable measure of reliability. This
index is only one value that can range between -1 and 1, but only value between
0 and 1 is considered, because it makes no sense to have negative reliability. As
closer to 1 the value is, the higher the internal consistency of the data will be,
in other words, the higher is the reliability of the data. In the other hand, if
the coefficient is closer to 0, there is no relationship among the covariances of all
factors contents.

The reliability calculated, by Cronbach’s α-coefficient [52], for the measurements
(10 factors) obtained on the instrument factor analysis is presented in the Table 5.2.

We can see in the Table 5.2 that all factors generated by factor analysis has a high
internal consistency factor (α > 0, 7) .

After the application of the KMO and Barletts’ tests, the factor analysis and
the Cronbach’s α-coefficient, we can state that the SEEQ instrument is valid for
application in the TIE course context. This implies that the data collection and
its treatment is given within the normal expected formulation and explanation of
the questionnaire in an environment suitable for data collection.
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Table 5.2: Cronbach’s α-coefficient Validation.

SEEQ Factors Cronbach’s α-coefficient

1 0,83

2 0,87

3 0,87

4 0,95

5 0,88

6 0,85

7 0,87

8 0,80

9 0,75

10 0,72

5.2 Reliability of Dataset

In this study, the Cronbach’s α-coefficient was calculated on average matrix (11×
8), as we can see in Figure 4.2 to estimate the reliability of the SETE scales for
the application of the descriptive statistics, the correlation matrix, the principal
component analysis and the hierarchical cluster analysis.

The Cronbach’s α was calculated and the results revealed high internal consistency.
The α-coefficient of the dataset was high at 0,9536 to the average students’ response
matrix of the 11 SEEQ factors. The reliability analysis showed the scales to be
highly reliable.

5.3 Statistical Descriptive Analysis

In this section a descriptive analysis will be performed on the data collected (see
Appendix C). Average and standard deviation responses were conducted in order
to identify which disciplines were further to be evaluated and which SEEQ factors
stand out in the students’ evaluation.

Analyzing Table C.1, we can emphasize two disciplines that have scores higher
than 4 in most factors, which shows the high level of student satisfaction on these
factors.
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The PT discipline score was greater than or equal to 4 on the factors: Lrn, Asgn,
O Disc and O Inst, allowing us to affirm that the discipline is difficult compared to
the others and their workload is also very high. Although these elements have been
rated outstanding by the students, the way that the course is being conducted is
satisfying the students’ interest.

In relation to the discipline DLP, we emphasize that the factors: Lrn, Enth, Orgn,
Grp, Ind, Brd, Exam and Asgn had high scores (above 4). That was the highest
evaluated discipline by the students. This shows that the discipline curriculum
structure is good, as well as the high commitment of the teachers who teach it.

Another way to represent the students’ responses is using the boxplot to represent
the variability of the dataset. Boxplots are an informative way to display a range
of numerical data. It can show many things about a dataset, like the lowest term
in the set, the highest term in the set, the median, the upper quartile, and the
lower quartile.

It was used in this study two different data organizations for the the boxplots.
The first one presents the distribution of the dataset according to the disciplines
analyzed about the factors point of view. The second is related to the factors,
which would have 100 scores (students’ response) for each factor as a student
and a discipline, which would form a boxplot for discipline among others. Each
discipline has a total of eleven factors as presented in Figure 5.2.

Figure 5.1: Boxplot of the Statistical Descriptive of the Disciplines

We can see in Figure 5.1, a difference between PT and DLP disciplines compared to
the others, both obtained high scores in the students’ evaluation, which, according
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to the Likert-scale, can be inferred a greater students’ satisfaction in relation to
the attributes analyzed in compared to other disciplines.

Figure 5.2: Statistical Descriptive of the SEEQ Factors

Corroborating with Figure 5.1, the Figure 5.2, which is related to the SEEQ factors,
provides higher medians in the disciplines 2 and 4, which are precisely the discip-
lines: PT and DLP. It is worth noting the poor performance of the remaining
factors in some subjects (median less than 3).

The discipline FP had a bad performance in the factor C Carac, which means that
the discipline is not so hard compared to others, their workload and the level of
student interest in the discipline are not high.

The discipline FC has not been well evaluated in the factors Enth, Orgn, Ind and
Brd in which we can assert that the teacher of the discipline has no enthusiasm to
teach its content, he does not have a good organization of ideas besides not elabor-
ating the contents. Another point to note is the relationship between the teacher
and the students, which in the students’ point of view is not a good relationship,
so this needs to be improved.

Regarding the discipline GQ, the factors Lrn, Enth, Brd and Grp were not well
rated. In accordance with the students, there was no effective learning of the con-
tent. The teacher had no motivation to teach the content as well as not elaborating
on the content addressed and not stimulating the group interaction.

In the discipline EP, the students evaluated the discipline as not being a difficult
discipline, with low workload, and their level of interest in the discipline is also
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low. We can infer this because of the low rating of the factors O Disc and O Carac.

In relation to the discipline ED, the factors Lrn, O Disc and O Carac are not well
evaluated. The students claim that there was no effective learning of the content,
and it is not a challenging discipline, with low workload, decreasing the level of
students’ interest in the discipline.

Finally, in the discipline LA, the factors Enth, Orgn and C Carac were not well
evaluated. The teacher of the discipline has not shown enthusiasm in teaching
the content, he was not organized in their ideas and the level of interest in the
discipline is low.

Analyzing the Figures 5.1 and 5.2 we can see that are two groups of disciplines
which are already offered in the curriculum of TIE course. The disciplines TP
and DLP belongs to the technological cycle and the other disciplines belong to the
basic science cycle in engineering.

According to the results of this section, we observe that disciplines PT and DLP
are higher rated than the other disciplines, this suggest that the students have a
greater receptivity to disciplines more related to the area of technology than the
basic science related disciplines.

5.4 SEEQ Factors Correlation Analysis

The correlation matrix, shows the relationship between 11 SEEQ factors, which
establishes the linear correlation between the variables (see Table 5.3).

Table 5.3: Correlation Matrix of the SEEQ factors.

Lrn Enth Orgn Grp Ind Brd Exam Asgn O Disc O Inst C Carac

Lrn 1,000

Enth 0,707 1,000

Orgn 0,587 0,948 1,000

Grp 0,819 0,962 0,853 1,000

Ind 0,555 0,934 0,841 0,891 1,000

Brd 0,713 0,885 0,743 0,950 0,868 1,000

Exam 0,583 0,871 0,814 0,817 0,944 0,763 1,000

Asgn 0,840 0,642 0,562 0,753 0,542 0,754 0,523 1,000

O Disc 0,758 0,379 0,253 0,555 0,307 0,551 0,269 0,912 1,000

O Inst 0,784 0,882 0,818 0,930 0,796 0,889 0,707 0,883 0,732 1,000

C Carac 0,413 0,148 0,108 0,299 0,063 0,315 0,048 0,715 0,865 0,590 1,000

Analyzing the correlation matrix, we can emphasize that the attribute Discipline
and Students Characteristics (C Carac) stand out as having a strong correlation
only with attributes related to workload and global acceptance of the discipline
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(Asgn and O Disc). This relationship is commented by Marsh [21], which val-
idates the analysis of this matrix. We also highlight the very strong correlation
between the teacher’s enthusiasm, organization, interaction with the class and the
relationship that he has with the students in the class. In general, the correla-
tion coefficients found are high, which indicates a strong or very strong correlation
among factors.

5.5 PCA Analysis

The principal component analysis in terms of change a formal basis for the vector
space data set after the application of SETE. PCA was applied to matrix Xm with
dimensions (8 × 11), obtained by calculating the average of the students answers
that was describe in section 4.2.

Due to I < J , by the spectral decomposition theorem we find only 8 distinct
eigenvalues which is associated with 8 linear independent eigenvectors.

ntos, associados a 8 autovetores independentes.

Table 5.4: Variance Explained.

Components Eigenvalues Variance % Cumulative %

1 7,859 71,449 71,449

2 2,152 19,563 91,011

3 0,411 3,735 94,747

4 0,273 2,503 97,250

5 0,203 1,850 99,100

6 0,083 0,751 99,851

7 0,016 0,149 99,901

8 4,3E-16 3,9E-15 100

Each discipline that was then represented in the M dimensional space defined by
SEEQ factors has now to be represented by the N principal components. Table 5.4
shows the variance explained and cumulative variance for each of the 8 major
components. As can be seen, the first two principal are components corresponding
to most of the variance explained (91,011%).

Figure 5.3 shows the loadings for the first two principal components representing
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the relationship between the 11 variables analyzed, so we can infer an interpretation
for the main components. It is interesting to note that the arrangement of the
variables along the Component 1 contains 71.449 % of the variance of the data
matrix. We can see high load values for the attributes that are related to the
characteristics of the disciplines and their difficulty with the others, this behavior
is seen in both Component 1 and Component 2. Characteristics related to the
teacher are clustered in one area of Figure 5.3, thus forming a clustering only
related to behavior of teachers in the disciplines (O Disc and C Carac).

Figure 5.3: Loadings Plot.

Figure 5.4 shows the scores for the first two principal components, relating to the
eight disciplines analyzed. As can be seen that, the right most elements can be
classified as a group. These scores are for the disciplines of Programming Tech-
niques (PT) and Digital Logic Project (DLP) which belong to the same course
curricular unit referring to the cycle of computer systems. In another group ob-
served in the left are for the basic cycle disciplines of TIE, they are core disciplines
of the sciences and mathematics that will theoretically support students for the
more applied disciplines.

Analyzing Figure 5.3 and Figure 5.4 simultaneously, we see a consistency in the
arrangement of the points in both figures. We highlight in Figure 5.3 that Compon-
ent 1 has a strong relationship with the general characteristics of the disciplines,
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Figure 5.4: Scores Plot.

which confirms the picture presented in Figure 5.4. These high load values in the
Component 1 can be explained because the analysis has been made in different
disciplines with very different contents and methodologies.

Given that the factors Overall Discipline and Student and Discipline Characterist-
ics have higher loading on Component 1, we can infer that the discipline’s workload
and its difficulty in relation to other disciplines [7]-[12] are the most relevant factors
to be analyzed. This analysis allows to check, for example, if the workload of the
discipline and its difficulty in relation to the other is taken into account in the
formulation of the curriculum of the course, considering that students recognize
the workload and difficulty. The use of PCA helps to understand better these
relationships between disciplines through the student’s perspective.

This study presents limitations. First of all, we used a small number of disciplines
belonging to the curricular unit of the TIE course and a panel composed of 100
students, a number that is not representative of the population. Secondly, we
do not analyze information regarding the year of study that was collected in the
SEEQ instrument. However, our findings are valuable since they report several
correlations among SETE data collected, such as the relationships among distinct
disciplines.



5.6 HIERARCHICAL CLUSTER ANALYSIS 47

There are other possibilities for analysis of these data, we highlight the use of
multilinear analysis methods that do not modeling matrices, but more complex
data structures called Tensors [54].

5.6 Hierarchical Cluster Analysis

In this section we propose to use Hierarchical Cluster Analysis (HCA) to analyzed
the disciplines as a subgroups. A HCA was chosen because we do not know previ-
ously which clusters were formed by the principal component analysis, performed
previously, and this method, using the Ward’s linkage, seems to be a potential tool
to seek this internal structure, since we have a small dataset and want to easily
examine solutions with increasing numbers of clusters.

A square Euclidian distance was performed to each point (variable) related to
the disciplines, as we can see in Table 5.5. It is important to notice that this
information (Euclidian distance) is not enough to affirm the existence of clusters
in the dataset. We can observe that, in this case, we have the smallest distances
(≥ 2) among the disciplines FP and EP, GC and EP, ED and FP, LA and FP,
DLP and PT, LA and GC, but this does not reveal an integrative information of
all disciplines together.

Table 5.5: Proximity Matrix of the Disciplines.

FP PT FC DLP GC EP ED LA

FP ,000 8,462 2,277 10,542 1,575 ,736 1,273 1,051

PT 8,462 ,000 9,717 1,465 12,344 10,534 12,747 10,068

FC 2,277 9,717 ,000 14,415 2,934 3,948 6,261 1,327

DLP 10,542 1,465 14,415 ,000 16,376 12,476 13,744 13,561

GC 1,575 12,344 2,934 16,376 ,000 2,743 2,747 1,556

EP ,736 10,534 3,948 12,476 2,743 ,000 1,086 2,139

ED 1,273 12,747 6,261 13,744 2,747 1,086 ,000 3,101

LA 1,051 10,068 1,327 13,561 1,556 2,139 3,101 ,000

Table 5.6: Agglomeration Schedule for the Disciplines.

Cluster Combined

Stage Cluster 1 Cluster 2 Coefficients (Distance)

1 FP EP 0,368

2 FC LA 1,031

3 FP ED 1,695

4 PT DLP 2,427

5 FC GQ 3,703

6 FP FC 6,525

7 FP PT 22,651

The agglomeration schedule is a useful way of learning about how the hierarchical
cluster analysis is progressively clustering objects and clusters. In the present
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study, analyzing the Table 5.6 we must use only the stages 1-6 since the coefficients
(distance measure) of the stage 7 is biggest than the others. We can observe that
the stages 1, 2, 3, 5 and 6 form a cluster related to the disciplines the belongs to the
basic science cycle, and the stage 4 form a cluster related to technological cycle.
This information agree with the PCA results, that only looking at the Fig. 5.4 we
can see this two clusters.

After looking at the Table 5.6, we can categorized the disciplines according to the
Table 5.7.

Table 5.7: Cluster Membership of the Disciplines.

Disciplines Clusters

Fundamental Physics 2

Programming Techniques 1

Fundamental Calculus 2

Digital Logic Project 1

General Chemistry 2

Experimental Physics 2

Engineering Design 2

Linear Algebra 2

Figure 5.5: Scores Plot with Cluster solution.

Commonly, it is used the Dendrogram [43] to demonstrate the results obtained by
the HCA, however, we need to compare the results obtained by using the PCA
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and HCA methods, then for a better visualization, the Fig 5.4 (see Section 5.5)
is represented in Fig. 5.5 with the ellipses that represents the clusters formed by
using the PCA and after confirming by using the HCA method.

We can conclude that PCA, with two principal components, reveals the same
information obtained by the application of the HCA in the all dataset. Then, the
latent structure obtained by the PCA application agree with the HCA method of
clustering. Therefore, the PCA method is more advantageous to be used because
it consists of a mathematical methodology based on decomposition which brings
together in an independent manner projections of information integrated with their
associated weights, discarding the detailed analysis of HCA procedure.



CHAPTER 6

Conclusion and Perspectives

The purpose of this thesis has been to use SETE to examine the teaching effect-
iveness of the TIE course at UFC. SETE provided a convenient means in this
particular study to evaluate the TIE course’s first year by using a self-reporting
measure of student discipline learning experiences, based on eleven factors.

To validate the data collection instrument, the confirmatory factor analysis has
been applied on the data collected by the SEEQ instrument in order to validate
its application in the context of the TIE course. Internal consistency of each
SEEQ factor was calculated by Cronbach’s-α also to validate the application of
the instrument. As a final result of this procedure, we guarantee the consistency
of the instrument for the application in the TIE course’s context. This is an
important step to ensure the correct analysis of the data collected.

The main findings of the statistical descriptive analysis, provide evidence that
students have a positive perception of the disciplines related to the technological
area. These disciplines are more practical than others that are related to the basic
science cycle. These results suggest that instructors should pay attention to the
students’ characteristics in order to improve their participation and expectations
from the disciplines’ learning. The instructors may be able to convince students
that the discipline, that he is teaching, will help them in the real world by em-
phasizing its practical importance and explaining how it will help them in the
workplace or their daily life.

We have also shown that the PCA method seems to be a potential tool for data
analysis related to evaluating the teaching effectiveness. Its use provides intrinsic
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information of students responses, by the correlation data matrix, on the discip-
lines related to SEEQ factors. According to this model, the disciplines PT and
DLP have similar characteristics in view of the effectiveness of teaching, as well
as the disciplines FP, EP, GQ, ED, EC and LA also have such similarities (Fig-
ure 5.4). This may suggest that, according with the statistical descriptive analysis,
the students have a greater receptivity to disciplines more related to the area of
technology than the basic science related disciplines. Furthermore, the discipline
Engineering Design showed more similar characteristics related to basic science
disciplines than the technology disciplines, because the subject of ED is more re-
lated to analytic geometry and non-technological issues related to the computer
or electronic area.

Although the results of PCA presenting a clustering relationship among the discip-
lines analyzed, there is a need to validate this clustering structure with a specific
algorithm. The HCA was used to check the consistency of these clusters that has
been generated by the PCA, the results point to the validation of the structure
generated by PCA.

Considering the complexity of the data matrix evaluation and intrinsic and ex-
trinsic factors evaluated in SETE, our results are useful and deserve consideration
in the educational assessment area, because they propose the use of a multivariate
technique analysis of factors related to the subjective evaluation of the educational
effectiveness. This study can be extended to others engineering course. The limit-
ations of this study, we highlight the following points: very small samplesize, the
applicability of SEEQ instrument to all UFC context in view of the students take a
long time to answer the instrument, the SEEQ instrument has not been compared
to others instruments and the information was processed as a bilinear problem.

An important topic for future research is the application of new multilinear de-
composition methods in an educational dataset to analyze the variables that were
involved in the process since our problem is essentially non-linear and can be
modeled as a multilinear problem.

In addition to methods that were applied in this research, another new methods to
clustering analysis is necessary, the concept of high order clustering (co-clustering)
can be applied too [53]. We are currently investigating the multilinearity of data
by applying mathematical tools that take into account this multiway aspect [54].



APPENDIX A

SEEQ Questionnaire

A.1 SEEQ instrument using Likert-type scale
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Table A.1: Students’ Evaluation of Educational Quality (SEEQ) Question-
naire

1 LEARNING: You found the course intellectually challenging and stimulating

2 You have learned something which you consider valuable

3 Your interest in the subject has increased as a consequence of this course

4 You have learned and understood the subject materials in this course

5 ENTHUSIASM: Instructor was enthusiastic about teaching the course

6 Instructor was dynamic and energetic in conducting the course

7 Instructor enhanced presentations with the use of humor

8 Instructor’s style of presentation held your interest during class

9 ORGANIZATION: Instructor’s explanations were clear

10 Course materials were well prepared and carefully explained

11 Proposed objectives agreed with those actually taught so you know where the course was going

12 Instructor gave lectures that facilitate taking notes

13 GROUP INTERACTION: Students were encouraged to participate in class discussions

14 Students were invited to share their ideas and knowledge

15 Students were encouraged to ask questions and were given meaningful answers

16 Students were encouraged to express their own ideas and/or question the instructor

17 INDIVIDUAL RAPPORT: Instructor was friendly toward individual students

18 Instructor made students feel welcome in seeking help/advice in or outside of class

19 Instructor had a genuine interest in individual students

20 Instructor was adequately accessible to students during office hours or after class

21 BREADTH: Instructor contrasted the implications of various theories

22 Instructor presented the background or origin of ideas/concepts developed in class

23 Instructor presented points of view other than his/her own when appropriate

24 Instructor adequately discussed current developments in the field

25 EXAMINATIONS: Feedback on examinations/graded materials was valuable

26 Methods of evaluating student work were fair and appropriate

27 Examinations/graded materials tested course content as emphasized by instructor

28 ASSIGNMENTS: Required readings /texts were valuable

29 Readings, homeworks, etc., contributed to appreciation and understanding of subject

30 OVERALL: Compared with other disciplines you have taken at Teleinformatics Department, this discipline was . . . ?

31 OVERALL: Compared with other instructors you have had at Teleinformatics Department, this instructor was . . .

STUDENT AND COURSE CHARACTERISTICS: (Leave blank if no response applies)

32 Course difficulty, relative to other courses, was (1-Very easy . . . 3-Medium . . . 5-Very hard)

33 Course workload, relative to other courses, was (1-Very light . . . 3-Medium . . . 5-Very heavy)

34 Course pace was (1-Too slow . . . 3-About right . . . 5-Too fast)

35 Hours per week required outside of class 1) 0-2 2) 2-5 3) 5-7 4) 7-12 5) Over 12



APPENDIX B

Factor Analysis

B.1 Factor Analysis results with the

EQUAMAX rotation with Kaiser nor-

malization.
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APPENDIX C

Statistical Descriptive of the dataset

C.1 Descriptive Statistics of the Disciplines vs.

SEEQ Factors.
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Abstract—This paper presents a comparative analysis between a 

bilinear decomposition (Principal Component Analysis - PCA) 

and a multilinear decomposition (Parallel Factor - PARAFAC) 

on the data obtained by the students’ evaluation of teaching 

effectiveness in an engineering course.  It is known that the 

teaching and learning relationship is a nonlinear process related 

to many fundamental subjects, which are highlighted into 

students’ evaluation of the teaching effectiveness methodology. 

The comparison was made in order to know which additional 

knowledge is obtained when the analysis takes into account the 

multilinear process model of this. The results shown the 

importance of the latent characteristics in a students’ 

professional formation in accordance with the results presented 

in the application of PARAFAC decomposition, that has been 

reveled as a powerful tool for data analysis in the assessment 

area. 

Keywords-component; engineering education; multilinearity, 

PCA; PARAFAC; data analysis. 

I.  INTRODUCTION 

THE constant evolution of resources and computer 

technology in contemporary society is a reflection of several 
research studies in engineering and technological innovation 
that emerged in recent years in the areas of computing, 
telecommunications and information technology (CTIT). In 
this scenario, increasingly industry, research centers and 
several companies all over the world demand for professionals 
and researchers in CTIT engineering and this has led to a 
growing number of people to search this career [1]-[3].  

However, there is a considerable number of engineering 
courses in the world that suffer high withdrawal and failure 
rates of students in their early years, especially in fundamental 
discipline areas like mathematics and science [1]-[3]. 
Moreover, during the formation of a basic engineering course, 
in general, it is necessary that the student in the first year 
obtains knowledge and skills in core content basic scientific 
areas like Physics, Calculus, Algebra, Chemistry and, 
sometimes, also in introductory technological areas. Bayond 
that, the number of engineering graduates is increasing as a 
problem, since high school enrollments in mathematics and 
physics are currently significantly higher [1]. 

In particular, the Federal University of Ceará (UFC) by the 
Department of Teleinformatics Engineering (DTIE) of 

Technology Center, located in northeastern Brazil, offers the 
Teleinformatics Engineering (TIE) undergraduate course. This 
course was created in 2003 under the direct responsibility of 
DTIE and put together two important research areas, 
Informatics and Telecommunications, with the perspective to 
have students with vocation to both areas in an integrated, and 
then forming a professional with skills and competencies with 
a great impact to current society. Telecommunications is 
largely responsible for the agility and integrability of the flow 
of information, thus constituting a key element in ensuring 
reliable and affordable communication among people, leading 
to widespread development [1]-[3]. The telecommunications 
and computing technological development as well as the 
industry that integrates teleinformatics, in the last decade has 
reached an extremely high level of complexity, pointing to 
new forms of relationships that strongly indicate a better 
quality of life for people in general. Globally, the effects of 
this new era are felt in different ways, both in social and 
professional experience. Job opportunities in these sectors are 
increasing, giving rise to even repressed demands, where the 
labor market is eager for a highly qualified workforce, and 
reflecting the global reality.  

In order to detect possible indicators in the quality of 
education as well as explaining the factors such as evasion, 
failure rates and to promote possible suggestions for 
restructuring the TIE course curriculum, a study was 
conducted to assess the effectiveness of teaching students 
(Student Evaluation of Teaching Effectiveness - SETE) [4]-[7] 
in the basic disciplines of the TIE first year course.  

The research indicates that the student can provide valid 
information and opinions about many aspects of teaching. This 
assessment can often be taken into account for the success in 
the process of leveling up teaching staff, that can be to used to 
approve or even to promote the reformulations in a course 
curricular structure [1].  

Universities and education programs around the world 
regularly use the student for the evaluation of teaching 
effectiveness to determine the quality of their courses (SETE), 
although some faculty members question the usefulness and 
validity of student ratings [4]-[7]. Although some 
disagreements have occurred, the SETE is an important tool 
for measuring the quality of education courses, especially in 
the context of higher education [9].  

This research has been partially supported by CNPq, CAPES and BNB. 



In general, learning refers to student perceptions of personal 
growth and progression and development in different areas of 
the development of professional knowledge [10].  

The SETE was applied to TIE students who had attended all 
the basic disciplines of the first year engineering course in 
which students are interviewed to assess the performance of 
their teachers and the quality of education taking into 
consideration various aspects of the disciplines and students 
themselves in terms of quality through a survey that used the 
Likert scale.  

Although SETE is used as an important tool for evaluating 
teaching effectiveness, it is noticed in several studies [2, 5], 
[10] that the data analysis is often limited to the use of basic 
statistical descriptive analysis or factor analysis in order to 
validate the instrument for data collection and to form a 
cluster on scales of issues presented in the evaluation form 
applied to students. However, descriptive statistics does not 
reveal the correlation between the factors analyzed.  

The utilization of the mathematical methods to analyze data 
obtained through educational interventions is called 
Educametrics [1, 8]. A preliminary study presents the 
application of multivariate analysis in this context [1], however 
this problem is essentially nonlinear with many variables and 
this aspect has not been taken into account in the application of 
the bilinear decomposition method. In this case, this research 
aims to apply the multilinear method called Parallel Factor 
(PARAFAC) analysis and compares it with the bilinear method 
Principal Component Analysis (PCA) applied previously [1]. 
With the goal of to expand the studies obtained in [1], this 
research aims to detect with a high degree of accuracy the 
following evaluation indicators: 1. the relation obtained among 
the SETE factors and indicators that can be related to the 
course’s evasion; 2. the relationship among the disciplines 
studied by engineering students within their curriculum 
structure; and 3. the degree of homogeneity in the students' 
responses to fill the SEEQ instrument used to collect research 
data 

In this context the application of the PARAFAC 
decomposition method seems to be promising, since the 
nonlinear aspect that was modeled as a multilinear, model of 
the dataset, was taken into consideration, and thus a broader 
interpretation of the relationships obtained, can be made by the 
variables analyzed. In other words, the students’ point of view 
that was fundamental for the multilinear analysis would differ 
from the bilinear analysis. 

This paper is structured as follows. Section II presents a 
review of the relevant SETE literature. Section III describes 
the mathematical tools used in this research. Section IV shows 
the course context and the methodological approach of the 
proposal. The main findings of the paper are presented in 
Section V. Finally, Section VI discusses some concluding 
remarks.  

II. STUDENTS’ EVALUATION OF TEACHING EFFECTIVENESS 

The Students’ Evaluation of Teaching Effectiveness 
(SETE) methodology that was created by Herbert M. Marsh 
[6, 7] is widely used around the world. The main purposes of 
SETE are [4]: (a) diagnostic feedback to teachers about the 

effectiveness of their teaching that will be useful to the 
improvement of teaching; (b) measuring teaching 
effectiveness to be used in personal decisions; (c) information 
for students to use in the selection of courses and teachers; and 
(d) an outcome or a process description to research on 
teaching. Certain student rating forms provide important 
feedback that can be used to improve teaching performance 
[4]-[13].  

Researchers [4]-[13] agree that teaching is a complex 
activity consisting of multiple dimensions and that formative 
diagnostic evaluation of teachers should reflect this 
multidimensionality. This contention is supported by common 
sense and a considerable amount of empirical research [4].  

Marsh [4] concludes that SETE is: (a) multidimensional; (b) 
Reliable and stable; (c) primarily a function of the instructor 
who teaches a course rather than the course that is taught; (d) 
valid in relation to a variety of indicators of effective teaching; 
(e) relatively unaffected by a variety of variables hypothesized 
as potential biases; and (f) considered to be useful to students 
to use in course selection, to administrators to use in decisions 
about staff and to teachers as feedback on teaching. An 
instrument was created in order to obtain the students 
feedback. This instrument is called Students’ Evaluation of 
Educational Quality (SEEQ) that appears to measure the most 
broadly representative set of scales and has the strongest factor 
of analytic support of these instruments [4].  

The strongest support for the multidimensionality of SETE 
is based on the nine-factor (Learning/Value, Instructor 
Enthusiasm, Organization/Clarity, Group Interaction, 
Individual Rapport, Breadth of Coverage, 
Examinations/Grading, Assignments/ Readings, and 
Workload/Difficulty) SEEQ instrument [9]-[13]. These factors 
are based on various sources (e.g., reviews of current 
instruments, interviews with students and teachers) and 
psychometric analysis, and were supported by Marsh and 
Dunkin’s evaluation in relation to theories of teaching and 
learning.  

In this research, we consider these factors from the 
measured statistical data that comes from the application of 
the SEEQ instrument applied to students in the first year of the 
TIE course, under the organizational and operational approach 
of linear and multilinear algebra, which allows the 
decomposition of the statistical representations in dimensions 
associated with the factors extracted from the dataset. 

III. PCA AND PARAFAC DECOMPOSITION METHODS 

PCA and PARAFAC are bi- and multi-linear 

decomposition methods that decompose the array into sets of 

scores and loadings that describe the data in a more condensed 

form than the original data array [15]-[22]. They assume the 

existence of a latent structure in each mode of the data sets, 

which allows one to compact related descriptors and describe 

the variance within each mode by a reduced number of factors, 

which facilitates the interpretation of relevant information. 

A. PCA Decomposition Methods 

Known as Hotteling transform that derives from the 
Spectral Decomposition Theorem [17], the PCA is a 



multivariate statistical method, which aims to identify the 
relationship among features extracted from the data regarding 
its reduction, elimination of overlap and the choice of the most 
relevant linear data combinations from the original variables 
[17]-[22]. 

A data matrix         can be approximated by PCA as a 

linear transformation        , where          (I ×

R) contains mutually orthogonal columns with successively 

maximum sums-of-squares, and         (J × R) is 

columnwise orthonormal. Columns of A and B, we shall call 
as components, indicates the relative weights of the rows and 
columns of X for the corresponding R-components selected 

(where R ≤ min (I, J)), and         (I×J) is the information 

in X that cannot be explained by the R-components, it is 
import to observe that the new generated data is a full-rank 
matrix. The PCA model can be alternatively written for an 
arbitrary entry     as                 

 
   . 

 

Figure 1. Pictorial representation of PCA decomposition [14]. 

In PCA, a two-way array is decomposed into a sum of 

vector products (see Fig. 1). The vectors in the object direction 

are scores and the ones in the variable direction are loadings 

for convenience. 

B. PARAFAC Decomposition Methods 

The Parafac model can be considered a straightforward 
extension of the PCA model. In the PARAFAC method [14]-
[16], a trilinear model is found to minimize the sum of squares 
of the residues,     , according to                   

   

     where R is the number of components used in the 

PARAFAC and                  indicate weights of the r-th 
component and      denotes the entry’s unexplained 

information.  

 

Figure 2. Pictorial representation of PARAFAC decomposition [14]. 

Connections between PCA and PARAFAC can be further 
visualized via tensor product notation: PCA 
approximates X as a sum of R rank-1 second-order tensors 
(i.e., outer-products) (Fig. 1), and PARAFAC 
approximates X as a sum of R rank-1 third-order tensors (Fig. 
2). In PARAFAC, a three-way array X is decomposed into a 
sum of triple products of vectors. 

An important step in using the PARAFAC method consists 
of estimating the number of components or latent variables (R) 
in the dataset. Several criteria can be used to determine this 

parameter, such as the explained variance and core 
consistency diagnostic (CORCONDIA) that was used in this 
work [4]. The PARAFAC algorithm used in this work was 
implemented in MATLAB

®
 code. 

IV. METHODOLOGY 

A. Subjects and Course 

1) Department of TIE: The TIE course that was created in 
2003, belongs to the Department of TIE (DTIE), which is a 
sub-unit of the Technology Center of UFC. The DTIE was 
created in March 2001 and it was the pioneer in Brazil in 
relation to the provision of undergraduate, master’s and Ph.D. 
in TIE, as well as outreach activities, which focus mainly on 
processing information in the context of integrated 
telecommunications and computing.  

The performance of the DTIE in undergraduate teaching is 
done on TIE undergraduate courses (www.cgeti.deti.ufc.br). 
Every year 110 students enter it, and the post-graduate studies 
of the DTIE contains master’s and doctoral. The post-graduate 
program in TIE (www.ppgeti.ufc.br) consists of two areas of 
concentration: Signals and Systems and Applied 
Electromagnetics.  

Regarding the extension, DTIE acts with their laboratories 
in partnership with companies of productive society, 
performing the training of engineers and researchers, as well 
as the scientific and technological research focused on cutting-
edge intellectual and industrial development in various sectors 
such as systems and mobile phone networks, computer 
architecture, robotics, optical systems and devices, among 
others.  

2) TIE Course: The world is experiencing a transformation 
at a pace never before experienced. The world population is 
growing increasingly demanding for goods and services in an 
ascending scale, set in a finite ecosystem. Society is 
demanding a greater degree of rationalization of its resources 
for the benefit of a better redistribution of wealth, and more 
fairly.  

However, areas of knowledge regarded as independent, are 
now not only touching, but are transposing their borders and 
are leading to the emergence of new areas of human 
knowledge. More than a mix, we are witnessing a convergence 
of technologies.  

In this context, based on the hypothesis that the vocation 
promotes an integration of Telecommunications and 
Informatics areas the objective of the TIE course is to train 
engineers in the Teleinformatics area with a solid and 
consistent technical and scientific training which will enable 
them to absorb and develop new technologies, encouraging 
their critical and creative role in identifying and solving 
related problems, considering its political, socioeconomic, 
environmental and cultural, ethical and humanistic vision in 
meeting the needs of society.  

Among the specific objectives of the course, we can 
emphasize:  

 Provide multidisciplinary knowledge of current 
technologies used in telecommunications systems 



and computer systems, including aspects of 
processing, transmitting and receiving information.  

 Provide training in TIE with emphasis on 
telecommunications engineering and computer 
engineering, consistent with emerging markets, 
still in need of skilled labor.  

 Enable the professional engineer to carry out 
assignments in the following technical areas: 
signal transmission, antenna and switching, 
transmission systems, data, video and voice by 
cable, optic fiber, microwave links, satellites, 
television and radio systems; systems and mobile 
phone networks, optical communications systems, 
high-speed networks, Internet and mobile 
computing.  
 

We emphasize that the TIE course is designed to have a 
strong appeal to technological formation in all years of 
formation, since the course’s first year. This was a paradigm 
shift in the traditional engineering education, which reserves, 
in general, their first two years of the course to form a strong 
scientific background, and then balances the professional 
formation content with the engineering sciences, as 
technologies for engineering. Finally, the course present 
daytime and evening classes and the average duration of the 
completion of the regular TIE course is 5 years for the daytime 
class and 6 years for the evening class.  

3) Characteristics of the Sampling: The research on which 
this study is based was administered with students in the 3th 
and 4th years of the TIE course. The SEEQ instrument was 
performed in 4 classes of students who were enrolled in the 
disciplines of Signals and Systems (SS) and Digital Signal 
Processing (DSP). Students of both disciplines were invited to 
participate voluntarily in this research, ensuring them, as well 
as teachers, anonymity. Students were selected from these two 
disciplines, because all of these students had already attended 
the basic disciplines of the TIE first year and also had a prior 
authorization of the teachers of the four classes for the data 
collection instrument that was used on students during the 
classes. During the implementation of SETE some 
characteristics of the instrument were clarified to the 
participants, and also a process of awareness to the 
participants was done, highlighting the importance and 
necessity of the questionnaires to be answered in the truest and 
faithful way to the reality of events during classes taught in the 
disciplines investigated in the first year.  

All data was collected between the last fortnight of April 

2012 and the first fortnight of May 2012. 

B. Sampling 

The research was conducted with students in the 3rd and 

4th year of the TIE course. From the total of 120 students who 

enrolled in four classes, 100 students completed the 

questionnaire, yielding a participation rate of 83.3%. The 

disciplines that have been analyzed were: Fundamental 

Physics (FP), Experimental Physics (EP), General Chemistry 

(GQ), Engineering Design (ED), Fundamental Calculus (FC), 

Linear Algebra (LA), Programming Techniques (PT) and 

Digital Logic Project (DLP). 

C. Measurement Instrument 

The instrument used in this research was the Students’ 

Evaluation of Educational Quality (SEEQ) proposed by Marsh 

and Bailey [4]. For lack of space reasons, the questionnaire 

used is not given here, but is available upon request. 

Following the scales that are evaluated using the SEEQ. 

The Learning (Lrn) subscale reflects what students learned 

in the classroom. Four items examine the student’s interest, 

knowledge and skill in the discipline area. The Enthusiasm 

(Enth) is a subscale made up of four questions about the 

motivation, dynamism and enthusiasm conveyed by the 

teacher during class. The third factor is the Organization 

(Orgn), which also assesses claims by four transmission 

qualities and clarity of content by the teacher, as if the 

objectives were achieved and the lessons taught eased the 

assimilation of the content from reading the classes notes. The 

next item was the Interaction Group (Grp), which investigates 

the stimulus that the teacher causes to intervene in the 

classroom during class and if the students are encouraged to 

participate with their own ideas or to answer questions posed 

by the teacher. The fifth subscale deals with the relationship 

between teacher and students and is called the Individual 

Rapport (Ind). This item explores the relationship between 

teacher and students in extracurricular activities and their 

availability to serve them. Another important subscale is 

Breadth (Brd) that investigates the opinions of students 

towards teacher’s skills and concepts and ideas he develops in 

class, presenting their views and presenting research results in 

the content of that particular area. 

The Examinations (Exam) subscale, assesses the 

availability of the teacher in correcting the assessments and 

judging if their methods are appropriated. The next subscale is 

the Assignments (Asgn) that assesses whether the workload of 

the activities as well as the readings and available texts 

contribute to learning. The ninth and tenth subscales have the 

same goal, namely Overall, the first of which refers to the 

overall discipline (O_Disc) in relation to other disciplines, 

while the second evaluates the teacher (O_Inst) in relation to 

other teachers that students have been students at, in the 

institution. Finally, the last evaluated indicator with four items 

is the Student and Discipline Characteristics (C_Carac) 

respects to the difficulty of the course in relation to the another 

one, as well as the classes rate and the time required for 

commitment of the pupil. 

D. Multivariate Data Collected 

Fig. 3 shows the data obtained from this research. In this 
regard, the application of chemometric methods is an elegant 
way of exploring data of this nature [16]. First, a two-
dimensional array is explored by PCA through an average 
configuration matrix (Fig. 3a), where the average information 
about the students is considered. In the second, a three 
dimensional array is evaluated by PARAFAC and individual 
students’ information is taken into consideration (Fig. 3b). 



 

Figure 3. Structure of the dataset collected. 
 

V. RESULTS AND DISCUSSION 

Next is a description of the main findings obtained by the 

PCA and PARAFAC decomposition application. First, we 

present the PCA results that were applied previously [1]. 

Then, the analysis of the PARAFAC, that takes into account 

the students’ responses as a three-way modeling, is compared 

with the PCA application. 

A. Reliability of the Dataset 

In this study, Cronbach’s α was calculated to estimate the 

reliability of the SEEQ scales, and the results revealed high 

internal consistency (0.9536) [23].  

B. PCA Modeling 

PCA was applied to the matrix X with dimensions 8 x 11 

(Fig. 3a), obtained by calculating the average of the students’ 

responses that were described in section IV-D. 

Due to I < J, by the spectral decomposition theorem we 

find only 8 distinct eigenvalues witch are associated to 8 linear 

independent eigenvectors [17]. 

Each discipline, which has been represented in the 8 

dimensional spaces defined by SEEQ factors according to the 

spectral decomposition theorem, has now to be represented by 

the R principal components related to the latent structure. 

According to the variance explained and cumulative variance 

for each of the 8 major components, the first two major 

components are corresponding to 91,011% (R=2) of the 

variance explained. Fig. 4 shows the scores for the first two 

principal components relating to the disciplines. 

Analyzing Fig. 4, we see a consistency in the arrangement 

of the points. We highlight that Component 1 has a strong 

relationship between the main areas that are related to the 

disciplines. The disciplines PT and DLP form Cluster 1 related 

to the technological cycle of the TIE course, while Cluster 2 

formed by the disciplines FC, LA, GQ, FP, EP and ED are 

related to the basic science cycle.  

These high load values in Component 1 can be explained 
because the analysis has been made in different disciplines with 
different contents and methodologies. Regarding the 
component 1, the two regions have the same variability. The 
PCA allows us to give names to these two components and not 
just clustering the points. Thus we can identify the components 
1 and 2. The component 1 can be interpreted as the intrinsic 
relationship among the disciplines that belongs to the sciences 
and mathematical areas involving logical thinking. Already the 
variability of the component 2 may indicate the dispersion of 
the evaluation of each discipline in SEEQ, then in the 

disciplines of the basic science cycle there are a wide variation, 
while in technological cycle is low and may indicate a 
proximity indicator and consistency / factors. 

 

Figure 4. Score plot by PCA. 

 
Figure 5. Loading plot by PCA. 

Fig. 5 shows the loadings for the first two principal 
components representing the relationship between the 11 
SEEQ factors, so we can infer an interpretation for the main 
components. It is interesting to note that the arrangement of the 
variables along Component 1 modeling contains 71.449 % of 
the variance of the original data matrix. We can see high 
loading values for the attributes that are related to the 
characteristics of the disciplines and their difficulty with the 
others. This behavior can be seen in both Component 1 and 
Component 2. Characteristics related to the teacher are 
clustered in one area of Fig. 5, forming a clustering only related 
to behaviors of the teacher in the disciplines. 

C. PARAFAC Modeling 

The data has been organized in a three-way array X (Fig. 

3b). Analyzing the performance of the calculated PARAFAC 

model, we can affirm that the model with 2 components is 

adequate, since the values for CORCONDIA (99.98%) and the 

explained variance (93.83%) confirm the model's validity 

[14]-[16]. 



In Fig. 6, we highlight three groups of disciplines, the first 

covers the disciplines DLP and  PT (Cluster 1), the second 

includes FC, LA and GC (Cluster 2) and the last one is related 

to FP, EP and ED (Cluster 3). 

Comparing Fig. 4 and Fig.6, it is observed that Cluster 1 in 

Fig. 4 is decomposed forming two new clusters in Fig. 6, 

Cluster 2 and Cluster 3.  

This result becomes more plausible, compared to PCA 
application, considering the disciplines belonging to Cluster 2 
and Cluster 3 require different degrees of abstraction, 
knowledge materialization and cognitive learning. Therefore, 
these clusters should be classified in different ways.  

Although the change of the points’ arrangement in relation 
to Fig. 7, we can see that the PARAFAC modeling has 
generated the same clusters as the PCA modeling in Fig. 5. We 
can observe a cluster linking most factors, however the factors 
C_Carac and O_Disc, as in Fig. 5, stand out from the others. 
These indicators should suggest changes in the disciplines and 
in the posture of teachers or even the course programs, as these 
contributions are typical of educational assessment. Further 
study of these indicators needs to be conducted in order to 
return a feedback to teachers about the disciplines they are 
teaching. 

 

 

 

Figure 6. Score plot Mode 1 by PARAFAC. 

Fig. 8 shows the loadings plot for the two first factors of the 
third mode, the students’ response. Here one can infer that 
students were more homogeneous in evaluating the factors of 
the first component (compare the axes’ scale) and highly 
heterogeneous in evaluating, principally, the Exam, Ind, Orgn 
and Enth factors of the second component. This information 
diverges from the scores attributed by some students reflected 
in the different modes of evaluating the disciplines. 

 

 

Figure 7. Loading plot Mode 2 by PARAFAC. 

 

Figure 8. Loading plot Mode 3 by PARAFAC. 

VI. CONCLUSIONS  

The PARAFAC method has demonstrated a potential 
model for modeling data related to the evaluation of the 
teaching effectiveness in student perspective revel latent 
characteristics. This study provided intrinsic information that 
use of students’ perception about the disciplines and factors 
analyzed, and assesses the degree of consistency of the 
students’ response including the abstraction degree of the 
disciplines. 

We can observe that taking into account the students’ 
responses in the mathematical modeling provides more 
information about the features analyzed as we can see in two 
different perspectives (two and three way modeling) in the 
relationship between the disciplines in Fig. 4 and Fig. 6. 
However, the PCA provides only two clusters, while the 
PARAFAC has three. We can see that the latent structure 
formed by the multilinear model is more complex and rich than 
the bilinear model. 

In general, students’ ratings can make instructors focus too 
much on improving rather than reflecting upon and improving 
the teaching itself. However, in this study, we use the students’ 
rating to know the relationship among the disciplines that have 



been analyzed, and in this case we can see that the curriculum 
structure of the TIE course using a mathematical model. The 
PCA model validates the curriculum design of the TIE course 
first-year [1], but the PARAFAC reveals that the disciplines 
require different degrees of abstraction, knowledge 
materialization and cognitive learning and this must be taken 
into account in the curriculum formalization. 

Considering the complexity of the dataset analyzed and the 
intrinsic factors assessed in the evaluation, our results are 
useful and deserve consideration by the educational assessment 
area, especially to the curriculum design development. 

In future works can be investigated other tensor 
decomposition methods such as TUCKER [14], PARAFAC2 
[14] and CONFAC [24], and use new metrics to validate the 
clusters obtained by PCA and PARAFAC modeling. 
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Abstract—This paper intends to present a case of computer-

aided statistical analysis of teaching effectiveness in an 

engineering course. Due to the large amount of data generated, 

the computer aid becomes essential for the correct handling of 

data. Ratings are extremely important to the improvement of 

educational institutions. This study aims to provide feedback to 

teachers of the course that have been evaluated using the point 

of view of students. This research was conducted using a 

questionnaire, which was applied to students who had already 

completed the first year of the teleinformatics engineering 

course. The instrument allow us to observe data that, clearly 

indicates certain subjective characteristics. The automation of 

the analysis process is a crucial step in the interpretation of the 

results. Our results deserve consideration for the improvement 

of teaching in an engineering course. 

Keywords–Analysis computer aided, teaching, statistical 

description, engineering education. 

I. INTRODUCTION 

The engineering courses have received increasing 

demands of students, so that they can meet the market needs 

[1]-[3]. Soon it is expected that these courses will have an 

increasing responsibility with a good formation of their 

students. 

However, it is observed that many engineering courses 

suffer withdrawal and failure rates, especially in basic 

course areas [1]-[3]. During the first-year of the engineering 

course, the students obtain knowledge and skills in areas 

like: Physics, Calculus, Algebra, Chemistry and 

technological applications [3][4].  

To regularize teaching in various institutions and to 

check its quality, it is necessary to make an analysis of the 

educational systems, becoming important to conduct an 

evaluation of the mechanisms of an educational institution 

taking into consideration the opinion of students [3]. 

However, it is difficult to measure, subjective factors. Due 

to this fact, a psychometric scale was used in order to get 

this subjective evaluation [2][3] that assign values to 

subjective characteristics within a predefined scale. 

The application of evaluations along the lines of likert-

type scales for students' evaluation of teaching effectiveness 

(SETE) provides a large amount of data and, in many cases, 

these data are characterized as multidimensional. Thus, 

having a lot of organizations for analysis in many 

perspectives [3][5][7]. 

For a good evaluation study one should be familiar with 

its study object. To get more information about the 

curriculum and areas of the evaluated courses a broad study 

is essential. 

This paper intends to present a case study of an 

evaluation of the effectiveness of teaching applied to one 

hundred students who attended the first-year period of the 

Teleinformatics Engineering course at the Federal 

University of Ceará, located in northwestern Brazil. 

The main objectives of this research are: 1. Give the 

students’ feedback to the professors who are evaluated by 

the methodology applied; 2. Show an automatic approach to 

processing the dataset collected using Matlab
®
 code; and 3. 

Give to the courses’ manager a useful feedback related to 

the effectiveness of the courses in an engineering course.   

This paper is structured as follows. Section II presents 

the SETE methodology, including the questions presented in 

the questionnaire that was applied, the program resources 

and the computational statistics that were used in the 

collected SETE dataset. Section III describes the main 

findings using the produced algorithms to analyze the 

dataset. Finally, Section IV discusses some concluding 

remarks and possible future works. 

II. METHODOLOGY 

A. Students’ Evaluations of Teaching Effectiveness 

The method known as Students' Evaluations of Teaching 
Effectiveness (SETE) [5]-[16], was developed and supported 
by experts in psychometrics. SETE is applied to investigate 
the quality of teaching of a particular teacher / instructor or 
course. For this, one hundred students completed a 
questionnaire with items that reflected various aspects in 
relation to teaching, effectiveness, student performance and 
contents [5]-[7]. The evaluation was conducted from scores 
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ranging from one to five (likert-type scale), where the higher 
value implicated better assess of the student [6]. Bellow we 
present the 35 questions used in the analysis, which 
addressed subjective factors such as [7]: 

Learning: 1st question: “You found the course 
intellectually challenging and stimulating”. 2nd question: 
“You have learned something which you consider valuable”. 
3rd question: “Your interest in the subject has increased as a 
consequence of this course”. 4º question: “You have learned 
and understood the subject materials in this course”.  

Enthusiasm: 5º question: “Instructor was enthusiastic 

about teaching the course”. 6º question: “Instructor was 

dynamic and energetic in conducting the course”. 7º 

question: “Instructor enhanced presentations with the use of 

humor”. 8º question: “Instructor's style of presentation held 

your interest during class”.  

Organization: 9º question: “Instructor's explanations 

were clear”. 10º question: “Course Materials were well-

prepared and carefully explained”. 11º question: “Proposed 

objectives agreed with those actually taught so you knew 

where course was going”. 12º question: “Instructor gave 

lectures that facilitated taking notes”.  

Group Interaction: 13º question: “Students were 

encouraged to participate in class discussions”. 14sº 

question: “Students were invited to share their ideas and 

knowledge”. 15º question: “Students were encouraged to ask 

questions & were given meaningful answers”. 16º question: 

“Students were encouraged to express their own ideas 

and/or question to the instructor”.  

Individual Rapports: 17º question: “Instructor was 

friendly toward individual students”. 18º question: 

“Instructor made students feel welcome in seeking 

help/advice in or outside of class.” 19º question: “Instructor 

had a genuine interest in individual students”.  

Breadth: 20º question:  “Instructor was adequately 

accessible to students during office hours or after class”. 

21º question: “Instructor contrasted the implications of 

various theories”. 22º question: “Instructor presented the 

background or origin of ideas/concepts developed in class”. 

23º question: “Instructor presented points of view other than 

his/her own when appropriate”. 24º question: “Instructor 

adequately discussed current developments in the field”.  

Examinations: 25º question: “Feedback on 

examinations/graded materials was valuable”. 26º question: 

“Methods of evaluating student work were fair and 

appropriate”. 27º question: “Examinations/graded materials 

tested course content as emphasized by the instructor”.  

Assignments: 28º question: “Required readings/texts 

were valuable”. 29º question: “Readings, homework, etc, 

contributed to appreciation and understanding of subject”.  

Course Overall: 30º question: “Compared with other 

courses you have taken at Teleinformatics Engineering. This 

course was..?”.  

Instructor Overall: 31º question: “Compared with other 

instructors you have had at Teleinformatics Engineering. 

This instructor was..?”. 

Students and Course Characteristics: 32º question: 

“Course difficulty, relative to other courses, was (1-very 

easy...3-medium...5-very hard)”. 33º question: “Course 

workload, relative to other courses, was (1-very light...3-

medium...5-very heavy)”. 34º question: “Course pace was 

(1-too slow...3-about right...5-too fast)”. 35º question: 

“Hours per week required outside of class 1)0-2. 2)2-5. 3)5-

7. 4)7-12. 5)over 12”.  

These questions are important to this research because 

statements will be made according to the number of the 

question. 

B. Students’ Evaluation of Education Quality 

The SETE is not organized enough to provide some 
quick and direct subjective information. Due to this fact, it 
was necessary to develop a tool to accomplish this function. 
This tool is called the Students' Evaluation of Education 
Quality (SEEQ) and was developed by the same creator of 
SETE, Herbert W. Marsh. The SEEQ is the result of the 
average of SETE questions to form factors that represent 
subjective characteristics. 

There are eleven factors that are shown in the list of 
questions of SETE, and each result is the average of the 
questions that compose them. The following factors were 
listed to facilitate visualization of the results: Learning (F1), 
Enthusiasm (F2), Organization (F3), Group Interaction (F4), 
Individual Rapports (F5), Breadth (F6), Examinations (F7), 
Assignments (F8), Course Overall (F9), Instructor Overall 
and Students (F10) and Course Characteristics (F11) [7]. 

C. Programming resources 

The dataset from the SEEQ questionnaire is characterized 
as a multidimensional structure (see Fig. 1). Therefore the 
data have many different analysis approaches to be observed, 
which implies the need to use different organizations [5]. The 
data passed through the following process: they were loaded 
onto Matlab

®
, had the vectors rearranged in three dimensions 

and then the averages were calculated to obtain the factors 
that compose the SEEQ factors. 

 

Figure 1. Data organization collected 

Another treatment performed was the generation of 
arrays resulting in averages of all students’ responses. 
Therefore we will obtain an array of questions by courses 
whose score is the result of the scores of all students who 



answered the questions. Another matrix generated by the 
averages is the factor by courses. These matrices and the data 
set of factors of all students are held through averages. One 
problem in our dataset is non-completed data, this happens 
because not all students performed the eight courses 
analyzed in this study.  

 

Figure 2. Application of the SETE questionnaire. 

The courses analyzed are: Fundamental Physics (FP), 
Experimental Physics (EP), General Chemistry (GQ), 
Engineering Design (ED), Elementary Calculus (EC), Linear 
Algebra (LA), Programming Techniques (PT) and Digital 
Logic Project (DLP). The Matlab

®
 average function does not 

include vectors with missing data, which allowed us to create 
a function for this average to be calculated, disregarding this 
data that has not been completed, thus giving a real average 
factor. 

This study was conducted with students of 3
rd

 and 4
th
 

periods of the Teleinformatics course, who answered the 
SEEQ instrument (see Fig. 2).  The students had already 
complete the first-year of the course. 

D. Statistical Analysis 

In our study, we employed a number of features of 
descriptive statistics. We also used were the graphics 
capabilities for the analysis of frequency distributions of data 
such resources are histograms and box plots. Another 
resource used was the implementation of the correlation 
matrix, which allows us to see the degree of relationship of 
the factors evaluated in the analysis. 

% For an average vector that has missing data: 

function [result] = incomplete_mean(vet) 
    tam = length(vet); % define length of vector 
    cont = 0; 
    sumv = 0; 
    for i = 1:tam 
        if(~isnan(vet(i))) 
            sumv = sumv + vet(i); 
            cont = cont + 1; 
        end 
    end 
    result = sumv/cont;  
end; 
 

These statistical applications were performed with the aid 
of Matlab and its statistical toolbox. The following snippets 

sections of code were generated to solve some problems 
encountered in the data manipulation: 

This code is used to calculate the mean vector, 
disregarding values that do not exist. This type of function is 
used in many parts of the code. 

The complete code for obtaining the values of the course 
factors is explained below, the variable seeq_data has the 
dataset analysis in three dimensions, the first dimension 
contains the questions, the second dimension contains the 
courses involved and the third dimension contains all 
students evaluated: 

% create variable for data 
seeq_data = zeros(11,8,100);   
for k = 1:100 

for j = 1:8 
% factors 1 until 6 
for m = 1:6  
min = (m-1)*4+1; 
max = m*4; 

seeq_data(m,j,k)=incomplete_mean(sete_data(min:max,j,k)); 
end 
% factor 7 

seeq_data(7,j,k) = incomplete_mean(sete_data(25:27,j,k));  
% factor 8 
seeq_data(8,j,k) = incomplete_mean(sete_data(28:29,j,k));  
  % factor 9 
seeq_data(9,j,k) = sete_data(30,j,k); 
  % factor 10 
seeq_data(10,j,k) = sete_data(31,j,k);        

% factor 11 
seeq_data(11,j,k) = incomplete_mean(sete_data(32:35,j,k)); 
      end    
end 

 
Other functions have also been used along the process for 

the manipulation of the database, these functions are already 
present in the statistical toolbox (e.g. var, std and boxplot).   

III. RESULTS AND DISCUSSION 

A. Cronbach’ alpha 

The Cronbach's alpha is a widely used method in 
psychometrics that provides the degree of internal 
consistency of a measure; it is a stable measure of reliability 
[17][19]. Cronbach's alpha index is only one value that can 
range between -1 and 1, but only values between 0 and 1 are 
considered, because it makes no sense to have negative 
reliability. The closer to 1 the value is, the higher  the internal 
consistency of the data will be in other words, the higher is 
the reliability of the data [17][19] 

Cronbach's α index is known as the estimate of internal 

consistency from the variances of items and of the total test 

by the subject, its formula is proposed by Cronbach's 

  
 

     
    

   
  

   

  
                                (1) 

An algorithm was made to calculate  Cronbach's α index 
because the amount of data, this algorithm was used to 
calculate Cronbach's α index of two arrays, it contained the 
mean values of 100 students, but one of them contains the 
courses in relation to the questions and the other contained 
the courses in relation to the attributes.  

The value obtained for the mean matrix of 35 questions 
was 0, 9827 and for the mean matrix of 11 attributes it was 0, 



9536. We can conclude that the internal consistency of the 
data is very high, validating the dataset analysis [17][19]. 

B. Distribution's  analysis of marks for histograms 

For an analysis of the dataset as a whole, the statistical 
method visualization known as histogram was applied. For 
the use of histograms, the data were arranged in a matrix of 
3465 rows and 8 columns, where the rows are the questions 
given to the students and the columns correspond to the eight 
courses analyzed. Each vector is represented in a histogram 
as in Fig. 3. 

Each course has the absolute frequency values ranging 
from one to five. The courses of Programming Techniques 
(PT) and Digital Logic Projects (DLP) received higher scores 
more frequently. PT has the higher absolute frequency points 
equal to four, then five scores, while DLP has higher 
frequency of scores equal to five, and then the second 
highest frequency values is equal to four. None of the other 
courses have higher frequency score than DLP and PTs. 

The other courses are often more distributed in terms of 
frequencies. However, the frequency of courses with scores 
one to two represents the courses from the area mathematic 
(Elementary Calculus and Linear Algebra courses). 

 

 
Figure 3. Histogram of goals courses

C. Distribution’s analysis of marks for boxplot 

The boxplot provides information about the factors 
and issues in a more detailed and faster way than the 
histogram. Two different data organizations were used 
in this study for the boxplots. The first is related to the 
factors, which would have 100 points for each factor as 
a student and a course, which would form a boxplot for 
course among others. Each course has a total of eleven 
factors as presented in Fig 4. 

The other boxplot would be from the same 
organization of the data in Fig. 4, but instead  each 
boxplot representing a factor in the analysis is used in 
place of the questions. Note that boxplots of Fig. 5 are 

in the sequence of the questions presented on section II-
B. 

Each boxplot represented within the figures of courses, 
follows the order of questions or the factors presented in  
“Methodology” subsection “B” “Students' Evaluation of 
Education Quality” of this paper. Thus, for example, in 
Fig. 4, when it is referring to the Enthusiasm factor of  
course Elementary Calculus, it should be noted the third 
boxplot of third set of Fig. In Fig. 3 ratifies the 
affirmation of the good performance of the courses PT 
and DLP. The high frequency distribution is presented 
in the graphics.   Almost all medians of PT and DLP  
have values higher than four. 



The course considered to be more relevant for the 
majority of students is PT, due to the second question to 
ask this by possessing a high value. In this question the 
frequency reached 74.75% of PT grades equals to five, 
and other 21.12% grades were equals to four. While 
DLP got for this question only 69.70% of values equals 
to five and 24.24% values equals to four. This 
demonstrates that the course PT is considered, for the 
majority of the students, as the most important among 
the courses analyzed. However the course of PLD 
obtained a better result in its evaluation. Apparently it 
was better instructed, because the score distribution was 
also better for this. 

 It is noted that the courses of math area have owned 
distributions around the value of three. That indicates 
that a higher frequency of low scores in relation to other 
courses, in Fig. 4, is not large enough to separate them 
from the others for a poor performance. 

This fact is due to a reasonable frequency 
distribution of scores. Despite having a score more 
often of lower values this difference is small in relation 
to others. In Fig. 3, it has to score four as the highest 
relative frequency within the course, despite the course 
to have the highest absolute frequency  of values one in 
relation to other courses. This reinforces the importance 
of boxplot analysis so the distribution of scores within 
the courses can be observed. 

 

Figure 4. Boxplot of distribution factors’ courses.

 

Figure 5. Boxplot of distribution questions’ courses 

 

 

 



TABLE  I. CORRELATION MATRIX OF SEEQ FACTORS

 F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 

F1 1 0.707 0.587 0.819 0.555 0.713 0.583 0.840 0.758 0.784 0.413 

F2 0.707 1 0.948 0.962 0.934 0.885 0.871 0.642 0.379 0.882 0.148 

F3 0.587 0.948 1 0.853 0.841 0.743 0.814 0.562 0.253 0.818 0.108 

F4 0.819 0.962 0.853 1 0.891 0.950 0.817 0.753 0.555 0.930 0.299 

F5 0.555 0.934 0.841 0.891 1 0.868 0.944 0.542 0.307 0.796 0.063 

F6 0.713 0.885 0.743 0.950 0.868 1 0.763 0.754 0.551 0.889 0.315 

F7 0.583 0.871 0.814 0.817 0.944 0.763 1 0.523 0.269 0.707 -0.048 

F8 0.840 0.642 0.562 0.753 0.542 0.754 0.523 1 0.912 0.883 0.715 

F9 0.758 0.379 0.253 0.555 0.307 0.551 0.269 0.912 1 0.732 0.865 

F10 0.784 0.882 0.818 0.930 0.796 0.889 0.707 0.883 0.732 1 0.590 

F11 0.413 0.148 0.108 0.299 0.063 0.315 -0.048 0.715 0.865 0.590 1 

 

 

The course of Linear Algebra has a high frequency of 
scores in questions one and two. These questions indicate 
that students consider this course as having a relevant and 
challenging content. In Fig. 5, the median is equal to four. 
Moreover, the other questions are all around the value 
three or two which shows a reasonable performance in 
other questions.   

The course of Elementary Calculus has a good score 
on the Learning factor, its distribution is according to Fig. 
4, and the quartiles are 3.25 and 4.5. Its Global factor 
compared to other courses also obtained a good result (its 
quartiles are between three and four). However, the 
factors Enthusiasm, Organization, Group Interaction, 
Individual Rapports, Breadth and Examinations obtained 
many low scores showing a poor relationship with the 
instructor of the course. However, it has not prevented a 
reasonably good evaluation of the course. 

Finally, for the other analysis, the courses of the areas 
of Physics obtained a reasonable result as a whole.  The 
courses of ED and GC obtained reasonable or low grades, 
especially where it relates to the student's interest in 
relation to the course (question 3), where it received a 
distribution under three (which medians were two). 

D. Correlation’s Matrix 

The correlation matrix allows us to see the relationship 
between two attributes of data. The values are in an 
interval I = [-1, 1]. The values near 1 indicate a high direct 
relationship and a relationship near -1 means the opposite. 
If the values are near zero, then it is shown that there is a 
relationship between these attributes [18]. A coefficient 
greater or equal to 0.7 is considered strong. Between 0.3 
and 0.7 are moderate and under or equal to 0.3 to 0 is 
considered very weak [18].  Table 1 is the application of 
the correlation matrix of a matrix of mean factors. The 
most prominent attributes are those that demonstrate a 
strong degree of correlation, namely a value greater than 
or equal to 0.9. Next, we consider the cases with factors 
larger than 0.9 degree. The Enthusiasm factor has a high 
correlation with the scores of the factors Organization, 
Individual and Group Interaction Rapports. These factors 
are related to the behavior of the instructor. Other factors 
that demonstrate a relationship to each other are Breadth 
and Interaction Group, it appears that an instructor who 

likes to present theories regarding the content and likes to 
discuss related topics, also somehow encourages class 
participation. The Individual Rapport factor correlates to 
the Examinations factor, so it appears that an instructor 
who cares about the students and demonstrates genuine 
interest in helping them, also usually gives a good 
feedback of evaluations and applies them appropriately. 

The factors of greatest interest in this paper are F9 and 
F10. For an engineering student it is very important to 
practice problem solving, because they induce students 
beyond what the teacher asks and is a key skill for 
engineers [4]. Thus, F9 has a high relationship with the 
factor F8, meaning that a good course in this case study is 
that which conducts the student to do readings and 
activities that contribute to the home field of the content. 
So, F10 has a high relationship with F4, because when the 
teacher is well liked in relation to others, it encourages 
students to participate and express their ideas in the 
classroom. 

IV. CONCLUSION 

This paper presents an analysis of the quality of 
teaching effectiveness in an engineering course. Thus it 
presented theories and processes involved for an efficient 
analysis as well as some ideas and principles to codes for 
processing personal dataset. In addition, it exposed some 
characterizations and results of the applied analyzes. 

It is important to notice that the feedback obtained can 
help the professors from each course improve the quality 
of their teaching. The results present that courses related 
to the technological area receive a higher rate rather than 
the courses related to the basic science area. This 
information is important to the managers of the courses so 
that they use this feedback to investigate what has 
happened with the courses that are low rated.   

The feedback given by the analysis not only provides 
statistical results, but also pointed out more clearly 
potential problems and suggests solutions to educational 
institutions and professors. 

This paper has a strong basis for other future studies in 
the field of Educametrics [3]. The next interesting 
approach is to explore the multidimensional data 
structures. Especially for cases aimed at automating the 



analysis of the teaching effectiveness, in which part of the 
analysis could be done with the use of computers.  
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Abstract—In this work, we propose the use a multivariate 
analysis tool, called principal components analysis (PCA), to 
address the problem of Students’ Evaluation of Teaching 
Effectiveness (SETE). We conducted a research with Engineering 
Students in an undergraduate course. The values obtained after 
collecting research data were transformed from a 3D array to a 
2D array performing an average of students’ responses. The PCA 
was applied in order to take same intrinsic information of the 
dataset collected. The Cronbach’s α validates the PCA 
application in the dataset. The results show that our study allows 
an analysis of how students perceive different disciplines about 
different criteria, which may serve as an indicator for an 
educational assessment area. 

Index Terms—principal components analysis; engineering 
education; evaluation; university teaching 

I.  INTRODUCTION 
The constant evolution of resources and computer 

technology in contemporary society is a reflection of several 
research studies in engineering and technological innovation 
that emerged in recent years in the areas of computing, 
telecommunications and information technology (IT). In this 
scenario, increasingly industry, research centers and several 
companies all over the world demand for professionals and 
researchers in IT engineering and this has led to a growing 
number of people to choose this career [1], [2]. 

However, what we see is that a lot of engineering courses 
in the world suffer high withdrawal and failure rates of 
students in their early years, especially in fundamental 
discipline areas like mathematics and science [1], [2]. 
Moreover, during the formation of a basic engineering course, 
it’s necessary that the student in the first year obtains 
knowledge and skills in core content basic areas of Physics, 
Calculus, Algebra, Chemistry and technological area. 
Moreover, the number of engineering graduates is increasing 
as a problem, since high school enrollments in mathematics 
and physics are currently significantly higher [1]. 

In particular, the Federal University of Ceará (UFC) by the 
Department of Teleinformatics Engineering of Technology 
Center, located in northeastern Brazil, offers the 

Teleinformatics Engineering (TIE) undergraduate course. This 
course was created in 2003 under the direct responsibility of 
Department of Teleinformatics Engineering and put together 
two important research areas with a great impact to the actual 
society, these are: Informatics and Telecommunications. The 
information related to telecommunications is largely 
responsible for the agility and integrability of the flow of 
information, constituting therefore a key element in ensuring 
reliable and affordable communication among people, leading 
them to the widespread development [3]. The 
telecommunications and computing technological 
development as well as the industry that integrates 
teleinformatics, in the last decade has reached an extremely 
high level of complexity, pointing to new forms of 
relationships that strongly indicate a better quality of life for 
people in general. Worldwide, the effects of this new era are 
felt in different ways, both in social and professional 
experience. Job opportunities in these sectors are increasing, 
giving rise even repressed demands, where the labor market is 
eager for a highly qualified workforce, reflecting the global 
reality. 

In order to detect possible indicators in the quality of 
education as well as explaining the factors such as evasion, 
failure rates and to promote possible suggestions for 
restructuring the TIE courses curriculum, a study was 
conducted to assess the effectiveness of teaching students 
(Student Evaluation of Teaching Effectiveness – SETE) [4]–
[7] in the basic disciplines of the TIE first-year course.  

Research indicates that the student can provide valid 
information and opinions about many aspects of teaching and 
this assessment can often be taken into account for the success 
in the process to level up teaching staff, that can be to 
approved or even promote the reformulations in a course 
curricular structure [3]. 

Universities and education programs around the world 
regularly use the student by means of evaluation of teaching 
effectiveness to determine the quality of their courses (SETE), 
although some faculty members question the usefulness and 
validity of student ratings [4]–[7]. Although some 
disagreements have occurred, the SETE is an important tool 
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applied for measuring the quality of education courses, 
especially in the context of higher education [8]. 

The dimension of learning fundamental concepts to the 
professional context in an engineering course in the 
technology area focuses on students’ perceptions of the 
importance and quality of learning contents in the basic 
sciences such as Mathematics, Physics, Chemistry and 
Computer Programming belonging to the basic curriculum of 
the first year. In general, learning refers to student perceptions 
of personal growth and progression and development in 
different areas of development of professional knowledge [9]. 

The SETE was applied to TIE students who had attended 
all the basics disciplines of the first-year engineering course in 
which students are interviewed to assess the performance of 
their teachers and the quality of education taking into 
consideration various aspects of the disciplines and students 
themselves in terms of quality through a survey that used the 
Likert scale. 

Although SETE is used as an important tool for evaluating 
teaching effectiveness, it is noticed in several studies [2], [4], 
[9] that the data analysis often limits the use of basic 
descriptive statistical analysis using means or factor analysis 
in order to validate the instrument for data collection and to 
form a cluster on scales of issues present in the form applied 
to students. However, descriptive statistics does not reveal the 
correlation between the factors analyzed. In this research, 
which was implemented in the TIE course in Brazil, in 
addition to the classic statistical techniques traditionally used 
in previous studies [10], [11], multivariate analysis is 
proposed to analyze the SETE dataset, called Principal 
Component Analysis (PCA) [17]–[21]. 

PCA is a bilinear method that allows the dataset 
decomposition into scores and loadings data array that 
describes the dataset in a more condensed form than the 
original data matrix [12], [13]. This assumes that there is a 
latent structure of the dataset, allowing a compact description 
by a reduced number of factors, which facilitate the 
interpretation of a relevant information or integrative. 

In this context the PCA analysis seems promising as well 
as innovative since results may be relevantly obtained through 
this analysis regarding the effectiveness of the teaching 
process promoted by the disciplines and in relation to quality 
of teacher’s performance in each of them belonging to the 
same category. In other words, they are basic disciplines of the 
course’s first year but are sometimes noticeably different for 
the students’ point of view. 

This paper is structured as follows. Section II presents a 
review of the relevant SETE literature. Section III describes 
the mathematical tool used in this research. Section IV shows 
the course context and the methodological approach of the 
proposal. The main findings of the paper are presented in 
Section V. Finally, Section VI discusses some concluding 
remarks. 

II. STUDENTS’ EVALUATION OF TEACHING EFFECTIVENESS 
The Students’ Evaluation of Teaching Effectiveness 

(SETE) methodology was created by Herbert M. Marsh [14]. 

The main purposes of SETE are [15]: 1) diagnostic feedback to 
teachers about the effectiveness of their teaching that will be 
useful for the improvement of teaching; 2) measuring of 
teaching effectiveness to be used in personal decisions; 3) 
information for students to use in the selection of courses and 
teachers; and 4) an outcome or a process description for 
research on teaching. Certain student rating forms provide 
important feedback that can be used to improve teaching 
performance [14]–[16]. 

Researchers [4]–[7] agree that teaching is a complex 
activity consisting of multiple dimensions and that formative 
diagnostic evaluation of teachers should reflect this 
multidimensionality. This contention is supported by common 
sense and a considerable amount of empirical research [15]. 

Marsh [4], [14] concluded that SETE is: 1) 
multidimensional; 2) reliable and stable; 3) primarily a function 
of the instructor who teaches a course rather than the course 
that is taught; 4) valid in relation to a variety of indicators of 
effective teaching; 5) relatively unaffected by a variety of 
variables hypothesized as potential biases; and 6) considered to 
be useful by students to use in course selection, by 
administrators to use in decisions about staff and by teachers as 
feedback on teaching. 

An instrument was created in order to obtain the students 
feedback. This instrument is called Students’ Evaluation of 
Educational Quality (SEEQ) that appears to measure the most 
broadly representative set of scales and has the strongest factor 
of analytic support of these instruments [15]. 

The strongest support for the multidimensionality of SETE 
is based on the nine-factor (Learning/Value, Instructor 
Enthusiasm, Organization/Clarity, Group Interaction, 
Individual Rapport, Breadth of Coverage, 
Examinations/Grading, Assignments/ Readings, and 
Workload/Difficulty) SEEQ instrument [14]–[16]. These 
factors are based on various sources (e.g., reviews of current 
instruments, interviews with students and teachers) and 
psychometric analysis and have been supported by Marsh and 
Dunkin’s evaluation in relation to theories of teaching and 
learning. 

III. PRINCIPAL COMPONENTS ANALYSIS 
Principal Component Analysis (PCA) is a multivariate 

statistical method, which aims to identify the relationship 
between features extracted from the data regarding its 
reduction, elimination of overlap and the choice of the most 
relevant linear data combinations from the original variables 
[17], [19], [21]. Known as Hotelling Transform, the PCA 
transforms discrete uncorrelated variables in coefficients 
through a linear transformation applied in data, so that the 
resulting data has its most significant component in the first 
dimension, referred to as principal component. 

As a principle for the PCA calculation considering a 
random vector 𝐱𝐱   =    (𝑥𝑥 , 𝑥𝑥 ,… , 𝑥𝑥 )   containing p components 
a vector of mean: 𝜇𝜇 = 𝐸𝐸 𝐱𝐱 =    (𝜇𝜇 , 𝜇𝜇 ,… , 𝜇𝜇 ) , where t means 
the transpose of the vector. The covariance matrix of the 
random vector x with square dimensionality of size p is 
denoted by 𝐶𝐶𝐶𝐶𝐶𝐶 𝐱𝐱 =   𝐔𝐔 . The covariance matrix is a 
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symmetric nonnegative matrix 𝐚𝐚 𝐔𝐔𝐔𝐔 > 0for every constant 
vector 𝐚𝐚 ∈   ℝ𝒑𝒑 . This condition implies that the matrix 
eigenvalues are denoted by 𝜆𝜆 , 𝜆𝜆 ,… , 𝜆𝜆  are nonnegative 
(𝜆𝜆 > 0  for any i = 1, 2,…, p). By the Spectral Decomposition 
Theorem [17] 𝐔𝐔  is a covariance matrix, there exist an 
orthogonal matrix 𝐎𝐎  where 𝐎𝐎 𝐎𝐎 = 𝐎𝐎𝐎𝐎 = 𝐈𝐈 as: 

𝐎𝐎 𝐔𝐔𝐔𝐔 =   𝚯𝚯   (1) 

where Θ is a diagonal matrix with entries 𝜆𝜆 , 𝜆𝜆 ,… , 𝜆𝜆  that are 
the eigenvalues of the matrix 𝐔𝐔 , that are ordered in 
descending order. We say that the matrix 𝐔𝐔 is similar to the 
matrix Θ.  

The 𝑖𝑖 column of the matrix 𝐎𝐎 is the normalized 
eigenvector 𝐞𝐞  corresponding to the eigenvector of 𝜆𝜆  with i = 
1, 2,…, p which is denoted by 𝐞𝐞 = (𝑒𝑒 , 𝑒𝑒 ,… , 𝑒𝑒 ) . Then the 
matrix 𝐎𝐎 is given by 𝐎𝐎 = [𝐞𝐞 𝐞𝐞 … 𝐞𝐞 ]  and the spectral 
decomposition theorem has the following identity: 

𝐔𝐔 = 𝐎𝐎𝐎𝐎𝐎𝐎 =    𝜆𝜆 𝐞𝐞 𝐞𝐞     (2) 

which 𝐎𝐎 = 𝐞𝐞 𝐞𝐞  form a basis of the decomposition of 𝐔𝐔, that 
the projects components values are the eigenvalues. 

For the application of PCA in a matrix X, we can obtain a 
new coordinate system which axes are now in the direction of 
the eigenvectors related to U. So we can rewrite PCA as a rank 
reduction problem that can be viewed in Equation 3: 

𝐔𝐔 ≈      𝜆𝜆 𝐞𝐞 𝐞𝐞       (3) 

where n indicates how much we will reduce the rank matrix to 
the new uncorrelated variables. 

Among the main applications of PCA we have [18], [20]: 
1. Information Compression (voice and image) and 2. Rank 
Reduction (attributes and model selection). 

In the application of rank reduction, PCA has the property 
to minimize the mean square error between the reconstructed 
data and original data [21]. It is assumed, for example, which 
has input data X with rank m and output data Y with rank m1 
where m1 < m. 

The rank reduction, through the PCA method, in this study 
will allow the extraction and selection of the most significant 
features into the context of evaluating the teaching 
effectiveness related to the disciplines in focus. 

IV.  METHODOLOGY 

A. Subjects and Course 
1) TIE Course: The world is experiencing a 

transformation at a pace never before experienced. The world 
population is growing increasingly demanding for goods and 
services in an ascending scale, set in a finite ecosystem, 
society is demanding a greater degree of rationalization of its 
resources for the benefit of a better redistribution of wealth, 
and more fairly. 

Rather, areas of knowledge regarded as independent, are 
now not only touching, but are transposing their borders and 
leading to the emergence of new areas of human knowledge. 

More than a mix, we are witnessing a convergence of 
technologies. 

In this context, the objective of the TIE course is to train 
engineers in the teleinformatics area with a solid and 
consistent technical and scientific training which will enable 
them to absorb and develop new technologies, encouraging 
their critical and creative role in identifying and solving 
related problems, considering its political, socioeconomic, 
environmental and cultural, ethical and humanistic vision in 
meeting the needs of society. 

Among the specific objectives of the course, we can 
emphasize: 

  Provide a multidisciplinary knowledge of current 
technologies used in telecommunications systems and 
computer systems, including aspects of processing, 
transmitting and receiving information. 

 Provide training in TIE with emphasis in 
telecommunications engineering and computer 
engineering, consistent with emerging markets, still in 
need of skilled labor. 

  Enable the professional engineer to carry out 
assignments in the following technical areas: signal 
transmission, antenna and switching, transmission 
systems, data, video and voice by cable, optic fiber, 
microwave links, satellites, television and radio 
systems; systems and mobile phone networks, optical 
communications systems, high-speed networks, 
internet and mobile computing. 

Finally, the course presents daytime and evening classes 
and the average duration for the completion of the regular TIE 
course is 5 years for the daytime class and 6 years for the 
evening class. 

2) Characteristics of the Sampling: The research on which 
this study is based was administered with students in the 3rd 
and 4th years of the TIE course. The SEEQ instrument was 
performed in 4 classes of students who were enrolled in the 
disciplines of Signals and Systems (SS) and Digital Signal 
Processing (DSP). Students of both disciplines were invited to 
participate voluntarily in this research, ensuring their 
anonymity as well as teachers. Students were selected from 
these two disciplines, because all of these students had already 
attended the basic disciplines of the TIE first year and also had 
a prior authorization of the teachers of the four classes for the 
data collection instrument that was used on students during the 
classes. During the implementation of SETE some 
characteristics of the instrument were clarified to the 
participants, and also a process of awareness to the 
participants was done, highlighting the importance and 
necessity of the questionnaires to be answered in the most 
faithful and true to the reality of events during classes taught 
in the subjects investigated in the first year. 

All data was collected between the last fortnight of April 
2012 and the first fortnight of May 2012. Of the total of 120 
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students who enrolled in four classes, 100 students completed 
the questionnaire, yielding a participation rate of 83.3%. 

B. Measurement Instrument 
The SETE questionnaire, adopted and modified from 

previous studies [2] is divided into eleven different subscales, 
in this study. This questionnaire is the Students Evaluations of 
Educational Quality (SEEQ) instrument [4]. 

The Learning (Lrn) subscale reflects what students learned 
in the classroom. Four items examine the student’s interest, 
knowledge and skill in the discipline area. The Enthusiasm 
(Enth) is a subscale made up of four questions about the 
motivation, dynamism and enthusiasm conveyed by the 
teacher during class. The third factor is the Organization 
(Orgn), which also assesses claims by four transmission 
qualities and clarity of content by the teacher, as if the 
objectives were achieved and the lessons taught eased the 
assimilation of the content from reading the classes notes. The 
next item was the Interaction Group (Grp), which investigates 
the stimulus that the teacher causes to intervene in the 
classroom during class and if the students are encouraged to 
participate with their own ideas or answer questions posed by 
the teacher. The fifth subscale deals with the relationship 
between teacher and students and is called the Individual 
Rapport (Ind). This item explores the relationship between 
teacher and students in extracurricular activities and their 
availability to serve them. Another important subscale is 
Breadth (Brd) that investigates the opinions of students 
towards teacher’s skills and concepts and ideas he develops in 
class, presenting their views and presenting research results in 
the content of that particular area. The Examinations (Exam) 
subscale assesses the availability of the teacher in correcting 
the assessments and judging if their methods are appropriate. 
The next subscale is the Assignments (Asgn) that assesses 
whether the workload of the activities as well of the readings 
and available texts contribute to learning. The ninth and tenth 
subscales have the same goal, namely Overall, the first of 
which refers to the overall discipline (O_Disc) in relation to 
other disciplines, while the second evaluates the teacher (O 
Inst) in relation to other teachers at the institution. Finally, the 
last evaluated indicator with four items is the Student and 
Course Characteristics (C_Carac) respect to the difficulty of 
the course in relation to another one, as well as the rate classes 
and the time required for commitment of the pupil. All 35 
items belonging to these 11 factors were evaluated in 5 parts 
of the Likert-scale, from very poor (1) to very good (5). Item 
36 to item 40 of the instrument have been raised regarding the 
profile information of students and these data will be useful to 
characterize the participants in this study, although not part of 
the 11 factors that will be the main target of this research. 

C. Multivariate Data 
The data obtained from this research is multivariate and is 

the field of sensory analysis there is no theory that describes 
when individuals have different preferences. In this regard, the 
application of chemometrics methods is an elegant way of 
exploring data of this nature [12], [13]. 

In general, students’ data has the following form: K 
students x I disciplines x with respect to J attributes, the set of 
11 factors that SEEQ (adapted) [4]. The values obtained were 

transformed from a 3D array to a 2D array performing an 
average of students’ responses (Fig. 1). 

 
Figure 1.  Data organization. 

The matrix Xm with the dimensions (I disciplines x J 
SEEQ factors) obtained from the average of the scorings per 
student, a two-dimensional array is explored by PCA through 
an average configuration matrix, where the average 
information about the students is considered. The disciplines 
that have been analyzed: Fundamental Physics (FP), 
Experimental Physics (EP), General Chemistry (GQ), 
Engineering Design (ED), Elementary Calculus (EC), Linear 
Algebra (LA), Programming Techniques (PT) and Digital 
Logic Project (DLP). 

V. RESULTS AND DISCUSSION 

A. Reliability of Dataset 
In this study, Cronbach’s α was calculated to estimate the 

reliability of the SETE scales, and the results revealed high 
internal consistency. The α-coefficient of the dataset was high 
at 0,9536. The reliability analysis showed the scales to be 
highly reliable. 

B. PCA Analysis 
The principal component analysis in terms of a change 

made formal basis for the vector space data set after the 
application of SETE. PCA was applied to the matrix Xm with 
dimensions (8 x 11), obtained by calculating the average of the 
students answers that was describe in section IV-C. 

Due to I < J, by the spectral decomposition theorem we 
find only 8 distinct eigenvalues witch is associated with 8 
linear independent eigenvectors. 

TABLE I.  VARIANCE EXPLAINED 

Components Eigenvalues Variance % Cumulative % 
1 7,859 71,449 71,449 
2 2,152 19,563 91,011 
3 0,411 3,735 94,747 
4 0,273 2,503 97,250 
5 0,203 1,850 99,100 
6 0,083 0,751 99,851 
7 0,016 0,149 99,901 
8 4,3E-16 3,9E-15 100 

 
Each discipline that was then represented in the M 

dimensional space defined by SEEQ factors has now to be 
represented by the N principal components. Table I shows the 
variance explained and cumulative variance for each of the 8 
major components. As can be seen, the first two principal 
components corresponding to most of the variance explained 
(91,011%). 
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Fig. 2 shows the loadings for the first two principal 
components representing the relationship between the 11 
variables analyzed, we can infer an interpretation for the main 
components. It is interesting to note that the arrangement of 
the variables along the PC1 modeling contains 71.449 % of 
the variance of the data matrix. We can see high loading 
values for the attributes that are related to the characteristics of 
the disciplines and their difficulty with the others, this 
behavior is seen in both PC1 and PC2. Characteristics related 
to the teacher are clustered in one area of Figure 2, thus 
forming a clustering only related to behaviors of teachers in 
the disciplines. 

 
Figure 2.  Loadings plot. 

Fig. 3 shows the scores for the first two principal 
components, relating to the eight disciplines analyzed. As can 
be seen that the right most elements can be classified as a 
group. These scores are for the disciplines of Programming 
Techniques and Digital Logic Projects which belong to the 
same course curricular unit referring to the cycle of computer 
systems. In another group observed in the left are for the basic 
cycle disciplines of TIE, they are core disciplines of the 
sciences and mathematics that will theoretically support 
students for the more applied disciplines. 

Analyzing Figure 2 and Figure 3 simultaneously, we see a 
consistency in the arrangement of the points in both figures. 
We highlight in Figure 2 that PC1 has a strong relationship 
with the general characteristics of the subjects, which confirms 
the picture presented in Figure 3. These high load values in the 
PC1 can be explained because the analysis has been made in 
different disciplines with very different contents and 
methodologies. 

Given that the factors Overall Disciplines and Student and 
Course Characteristics have higher loading on PC1, we can 
infer that the discipline’s workload and its difficulty in relation 
to other disciplines [4]–[9] are the most relevant factors to be 
analyzed. This analysis allows checking, for example, if the 
workload of the discipline and its difficulty in relation to the 
other is taken into account in the formulation of the 
curriculum of the course, considering that students recognize 
the workload and difficulty. The use of PCA helps to 
understand better these relationships between disciplines 
through the student’s perspective. 

 
Figure 3.  Scores plot. 

This study presents limitations. First of all, we used a 
small number of disciplines belonging to the curricular unit of 
TIE course and a panel composed of 100 students, a number 
that is not representative of the population. Secondly, we do 
not analyze information regarding the year of study that were 
collected in the SEEQ instrument. However, our findings are 
valuable since they report several correlations among SETE 
data collected, such as the relationships between distinct 
disciplines. 

VI. CONCLUSION AND PERSPECTIVES 
The PCA method seems to be a potential tool for data 

analysis related to assessing the teaching effectiveness. Its use 
provides intrinsic perception information of students on 
subjects related to the factors that relate to the SEEQ 
instrument. 

According to this model, the disciplines PT and DLP 
(Figure 3) have similar characteristics in view of the 
effectiveness of teaching, as well as the disciplines FP, EP, 
GQ, ED, EC and LA also have such similarities (Figure 3). 
This may suggest that students have a greater receptivity to 
disciplines more related to the area of technology than the 
basic science related disciplines. Furthermore, the discipline 
Engineering Design showed more similar characteristics 
related to basic science disciplines than the technology 
disciplines, because the subject of ED is more related to 
analytic geometry and non-technological issues related to the 
computer or electronic area. 

Considering the complexity of the data matrix evaluation 
and intrinsic and extrinsic factors evaluated in SETE, our 
results are useful and deserve consideration in the educational 
assessment area, because we propose the use of a multivariate 
technique analysis of factors related to the subjective 
evaluation of the effectiveness of education, which we shall 
call Educametrics [22]. 

An important topic for future research is applying new 
multilinear methods in an educational dataset. We are 
currently investigating the multilinearity of data applying 
mathematical tools of tensor decompositions that take into 
account this multiway aspect [13]. 
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Abstract. This paper presents the use of tensor decomposition model as Tucker3
data analysis tool of assessment of student learning in a undergraduate semi-
present in a LE. We describe the main characteristics of multilinear algebra,
tensor analysis and algorithm alternating least squares with the model Tucker3.
Computational experiments are performed with the data of the marks obtained
by students in forums, portfolio and chat. The results demonstrate to the viability
of application of tensor decomposition in the investigation of dynamic internal
educational processes.

Resumo. Este artigo apresenta o uso do modelo de decomposição tensorial
Tucker3 como ferramenta de análise de dados da avaliação da aprendizagem
de alunos em um curso de graduação semi-presencial em um AVA. São descri-
tas as principais caracterı́sticas da álgebra multilinear, da análise tensorial e
do algoritmo de mı́nimos quadrados alternados com o modelo Tucker3. Ex-
perimentos computacionais são realizados com os dados coletados das notas
obtidas pelos alunos em fóruns, portfólio e chat. Os resultados alcançados de-
monstram a viablidade da aplicação da decomposição tensorial na investigação
da dinâmica interna de processos educacionais.

1. Introdução
O processo de Avaliação da Aprendizagem sempre foi de fundamental importância em
todos os sistemas e programas educacionais, sejam eles presenciais ou não. Em um con-
texto mais amplo, a avaliação educacional da aprendizagem discente deve ser vista como
um processo que tem como finalidade responder questionamentos, verificar, mensurar e
classificar de forma efetiva fatos do aprendizado dos alunos.

O desafio da avaliação se amplifica no âmbito nacional, se considerarmos os no-
vos contextos e as novas modalidades de ensino por meio de cursos de graduação semi-
presenciais, tais como os realizados pelo projeto Universidade Aberta do Brasil (UAB)
do Mistério da Educação (MEC) em parceria com a Coordenação de Aperfeiçoamento
de Pessoal de Ensino Superior (CAPES). Estes cursos se utilizam de tecnologias com-
putacionais de informação e comunicação em rede, por meio de Ambientes Virtuais de
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Aprendizagem (AVA) para promover a oferta de disciplinas de graduação em nı́vel de
Licenciatura e Bacharelado através das Instituições Federais de Ensino Superior (IFES)
[David et al. 2007].

Segundo [Bassani and Behar 2009] apesar da diversidade de ambientes virtuais
atualmente, percebe-se que existem caracterı́sticas em comum entre eles: permitem
acesso restrito a usuários previamente cadastrados; disponibiliza espaço para a publicação
de material do professor (referente as aulas) e espaço destinado ao envio/armazenamento
de tarefas realizadas pelos alunos; possuem um conjunto de ferramenas de comunicação
sı́ncronas e assı́ncronas, como chat e fóruns de discussões, dentre outros.

Neste contexto, uma das problemáticas que surge é que se por um lado os AVA
permitem a centralização de todas as informações referentes a um curso, por outro lado o
gerenciamento de tal fluxo de informações fica sobre a responsabilidade de cada partici-
pante, e o professor, percebe-se diante de um emaranhado de informações, diluı́das entre
as várias ferramentas [Bassani and Behar 2009].

Diversos estudos [Bassani 2006] vêm sendo realizados sobre o desenvolvimento
de ferramentas especı́ficas para o mapeamento das interações que se constituem nesses
ambientes, possibilitando o acompanhamento da frequência e da produção de cada aluno,
de forma a contemplar o processo de avaliação da aprendizagem. Entretanto, o que se
percebe é que estas pesquisas se limitam apenas a análises qualitativas e não investigam a
dinâmica do desempenho discente ao longo do processo de aprendizagem em um AVA e
nem consideram as diversas dimensões e variáveis envolvidas, os quais refletem segura-
mente diversos elementos que compõem a relação ensino e aprendizagem.

Diante desta perspectiva o objetivo deste artigo é apresentar uma proposta de
análise quantitativa e qualitativa multivariada de dados utilizando técnicas matemáticas
computacionais da álgebra multilinear através de decomposições tensoriais aplicadas ao
processo de avaliação discente.

Este artigo está organizado em seis seções. Na seção 2, apresentam-se os concei-
tos do processo de avaliação do aprendizado, que se refletem em objetivos utilizados neste
trabalho. Na seção 3, ilustram-se as ferramentas de análise de dados da álgebra multili-
near ou multimodal e descreveremos os principais modelos e técnicas de fatorização ou
decomposição tensorial da informação, tais como o modelo Tucker3 e o algoritmo utili-
zado para sua implementação - ALS (Alternating Least Squares). Na seção 4, descrevem-
se os procedimentos metodológicos de investigação e de coleta de dados desta pesquisa
e na seção 5, apresenta-se a análise dos resultados e as interpretações obtidas com a
aplicação do modelo Tucker3. Por fim, na seção 6 são discutidas as considerações fi-
nais deste artigo e de suas pespectivas futuras.

2. O Processo de Avaliação da Aprendizagem e seu Delineamento em AVA

Avaliação da aprendizagem surgiu com o desafio em usar procedimentos e técnicas para
medir, mensurar ou mesmo quantificar a aprendizagem dos indivı́duos. De acordo com
[Andriola 2002] a aprendizagem pode ser considerada a mudança qualitativa e estável
ocorrida no âmbito das capacidades cognitivas de memorização, compreensão, aplicação,
análise, sı́ntese e julgamento, dentre outras. Deste modo a avaliação da aprendizagem
tornou-se uma atividade complexa, fundamentada no pensamento descritivo, analı́tico
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e crı́tico e o seu enfoque não esta mais apenas no aluno e no seu rendimento e sim
em questões mais amplas e implicitas que vão além de processos lineares de medida e
mensuração. Segundo [Andriola 2002], alguns procedimentos sistemáticos de avaliação
podem estar vinculados a aplicação de testes ou provas de rendimentos, questionários,
seminários, observações em sala de aula, execução de tarefas e outros. Destaca-se ainda
que tais procedimentos são em muitos casos aplicados com o objetivo de avaliar as capa-
cidades cognitivas caracterı́sticas do processo de aprendizagem associadas a determina-
dos conteúdos ou objetivos curriculares [Andriola 2011]. Deste modo, as sistemáticas
de avaliação objetivam fornecer subsı́dios importantes, para que os responsáveis pela
gerência e planejamento de ações em educação possam tomar decisões mais embalizadas,
visando o aperfeiçoamento do processo de transformações do homem. [Andriola 2003].

Portanto, a avaliação da aprendizagem não pode ser concebida apenas como uma
atividade racional e classificatória para se fazer comparações ou estabelecer um padrão,
mas também identificar as transformações e aquisições de conhecimento de novas apren-
dizagens, por meio de um processo pelo qual se pode determinar em que medida ou inten-
sidade tais mudanças de fato ocorrem. Entretanto, a identificação de tais transformações
são difı́ceis de ocorrer, visto que, diante de um enfoque da teoria de sistemas, as relações
de aprendizagem sobre os objetos observados antes (entradas) e depois (saı́das) do uso
dos métodos e/ou procedimentos usados nas transformações de conhecimento (do exis-
tente para o existente e adquirido) são admitidas e modeladas como relações não-lineares.
Neste artigo, portanto, propomos o uso de técnicas e ferramentas de análise matemática
de dados multivariados, desenvolvidas em álgebra multilinear, apropriadas para o trata-
mento não-linear da informação e que serão aplicadas a avaliação numérica referente ao
desempenho de discentes em um AVA. Nas seções que se seguem, serão explorados os
fundamentos teóricos destas ferramentas e o desenvolvimento da pesquisa realizada.

3. Álgebra Tensorial e Análise Multilinear

3.1. Preliminares sobre Tensores
Segundo [Kolda and Bader 2009] um tensor é um ordenamento de dados multidimensi-
onais que pode variar de acordo com sua ordem, sendo o de ordem zero um número ou
um escalar, de primeira ordem um vetor, o de segunda ordem uma matriz e de ordens
superiores um tensor de três ou mais dimensões.

Nas matrizes é útil organizar seus elementos componentes ou entradas, tais como
vetores-linhas ou vetores-colunas. Os tensores ou ordenamenos de três dimensões,
também podem ter seus elementos organizados em seções bi-dimensionais, as quais po-
dem ser dispostas em fatias planas ou slices horizontais, laterais ou frontais, conforme a
Figura 1. Vale a pena destacar que neste caso, os elementos dos tensores encontram-se
geomatricamente no ponto de encontro dos três planos perpendiculares entre si.

Figura 1. Fatias de um Tensor: Frontais, Laterais e Horizontais.
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3.2. Operações Tensoriais Elementares

Algumas operações básicas tensorias são necessárias para a manipulação e a
implementação de algoritmos que analisam uma estrutura multidimensional de dados.
Nas subseções a seguir, iremos apresentar tais operações.

3.2.1. Produtos Tensoriais

O desenvolvimento e a descrição de modelos multidimensionais exigem operações
que vão além do produto usual de matrizes. Três outros tipos de produtos re-
lacionando matrizes são introduzidos, são eles: (i) produto de Kronecker (⊗)
[Magnus and Neudecker 1988][Searle 1982], (ii) Hadamard (�) e (iii) Khatri-Rao (�)
[McDonald 1980] [Rao and Mitra 1971]. O produto de Kronecker escreve facilmente o
modelo de decomposição Tucker3, a ser visto na seção 3.3.2.

3.2.2. Matriciação ou Sub-Ordenamentos

As operações implicadas nos elementos que compõem os tensores representam os
cálculos algébricos frutos dos procedimentos necessários das informações nos sistemas
em foco. Assim é necessário associar as estruturas tensoriais às operações algébricas
entre as componentes. Para isto, é realizada inicialmente a operação de matriciação do
tensor, conforme pode ser visto como uma das possibilidades na Figura 2 Nesta figura,
o ordenamento tridimensional X (I1 × I2 × I3) é matriciado como uma matriz concate-
nada horizontalmente pelas matrizes fatiadas frontalmente dispostas no tensor, formando
uma grande matriz X(I1×I2I3). Existem duas outras formas de matriciar X em matrizes
concatenadas, cujas dimensões são: (I2 × I1I3) e (I3 × I1I2).

Figura 2. Matriciação Modo 1 do Tensor.

Existem diferentes diádicas planas utilizadas na literatura para a matriciação,
por exemplo, desdobramento, justaposição e concatenação, conforme pode ser visto em
[Smilde et al. 2004].

3.3. Decomposições Tensoriais Multilineares

As aplicações das decomposições tensoriais surgiram do interesse em decompor medidas
de fatores elementares, ou seja, informações que interagiam entre si. Historicamente as
decomposições tensoriais foram iniciadas por Hitchcock em 1927 [Smilde et al. 2004],
aprofundados por Cattelin em 1944 [Cichocki et al. 2009] e por Tucker em 1966
[Kroonenberg 2008]. Esses conceitos e abordagens receberam mais atenção depois que

Anais do XXII SBIE - XVII WIE Aracaju, 21 a 25 de novembro de 2011

2285



Carroll e Chang propuseram a Decomposição Canônica (do inglês CANonical DE-
COMPosition - CANDECOMP)[Carroll and Chang 1970] e independentemente Harsh-
man propôs um modelo equivalente chamado Análise de Fatores Paralelos (do inglês
Parallel Factor Analysis - PARAFAC)[Harshman 1970].

Muitos dos resultados sobre decomposições tensoriais surgiram na área da
psicometria [Kroonenberg 2008]. No entanto, diversas áreas estão se destacando
cada vez mais na utilização de decomposições tensoriais, tais como: quimiometria
[Andersen and Bro 2003][Smilde et al. 2004], neurociência [Cichocki et al. 2009], pro-
cessamento de sinais em comunicação [Almeida et al. 2008], processamento de imagens,
álgebra linear numérica, visão computacional, análise gráfica e outras.

3.3.1. Análise de Fatores Paralelos - PARAFAC

No modelo PARAFAC/CP/CANDECOMP um ordenamento de dados é decomposto na
soma de produtos triplos ou trı́ades. Deste modo a decomposição PARAFAC é dada pela
decomposição do ordenamento multimodal em tensores de rank-1 [Almeida et al. 2008],
conforme a equação abaixo:

xi1,i2,i3 =
Q∑

q=1

ai1,qbi2,qci3,q (1)

3.3.2. Decomposição Tensorial Tucker3

O modelo de decomposição Tucker3 foi proposto por Ledyard R. Tucker em
[Tucker 1966]. Este modelo descreve componentes em três dimensões, incluindo o signi-
ficado de cada dimensão em relação a cada ocasião estudada, conforme pode se verificar
na Figura 3. Essa interrelação entre as componentes é ponderada por um tensor núcleo
G completo, que indica a relação de peso existente na significância das relações entre as
componentes.

Figura 3. Representação pictórica da decomposição pelo modelo Tucker3.

A generalização do modelo considera que o elemento na posição (i1, i2, i3) do
tensor X é representado na formada Equação 2:

xi1,i2,i3 =
P∑

p=1

Q∑

q=1

R∑

r=1

ai1pbi2qci3rgp,q,r + ei1,i2,i3 (2)
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No qual o erro é representado por (ei1,i2,i3) e os fatores ai1p, bi2q e ci3r são elemen-
tos das matrizes A, B e C respectivamente. O elemento gpqr é um elemento do tensor
núcleo G. No modelo de Tucker, um Tensor X de dimensão P × Q × R indica que o
modelo tem P , Q e R fatores em três diferentes modos.

Podemos representar o modelo de Tucker utilizando a notação do produto de
Kronnecker, como segue na Equação 3 abaixo:

X = AG(B ⊗ C)T + E (3)

No qual as matrizes G e E são formadas pela matriciação dos respetivos tensores.
O modelo Tucker3 possui algumas das propriedades da decomposição em valores sin-
gulares, em particular, que permite uma decomposição completa de um ordenamento de
três modos. O modelo tem unicidade em seus subespaços, entretanto, como propriedade
principal das suas componentes temos a falta dessa unicidade [Kroonenberg 2008].

3.3.3. Algoritmo ALS

Originalmente, os algoritmos propostos para a modelagem dos modelos Tucker não uti-
lizam o método de mı́nimos quadrados para a determinação dos elementos das matri-
zes do modelo. Entretanto, é adotado um algoritmo iterativo baseado no princı́pio dos
mı́nimos quadrados alternados que gera o ajuste dos parâmetros implı́citos no problema
[Smilde et al. 2004].

Função perda do ajuste do algoritmo e dada por:

Fperda = ‖X − AG(C ⊗B)T‖2 (4)

O algoritmo de mı́nimos quadrados alternados (ALS, do inglês Alternating Least
Squares) pode ser utilizado no modelo de Tucker3 com matrizes de carregamento.

O Modelo Tucker3 com restrição de ortogonalidade pode ser implementado a par-
tir dos seguintes passos:

1. Iniciar Randômicamente B e C.
2. Utilizando XI1×I2I3, para estimar A

[A, S, V ] = SV D[XI1×I2I3(C ⊗B)]

3. Utilizando XI2×I1I3 para estimar B

[B, S, V ] = SV D[XI2×I1I3(C ⊗ A)]

4. Utilizando XI3×I1I2 para estimar C

[C, S, V ] = SV D[XI3×I1I2(B ⊗ A)]

5. Voltar ao passo 2 até a convergência do algoritmo ser satisfeita.
6. Calcular o tensor núcleo G na sua forma matriciada.

G = ATX(C ⊗B)
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A atualização de A, B e C ocorre iterativamente e também atualiza G implici-
tamente. Portanto, o tensor núcleo precisa ser explicitamente calculado apenas uma vez
após a convergência obtida [Smilde et al. 2004].

4. Procedimentos da Pesquisa
Para a realização deste trabalho de pesquisa e investigação dos principais fatores e carac-
terı́sticas implı́citas ao processo de avaliação de aprendizagem com o uso do modelo de
decomposição tensorial Tucker3 foi realizado um experimento computacional com dados
multidimensionais.

4.1. Caracterização dos Dados Coletados

A análise multivariada foi realizada em um conjunto de dados multimodo, composto por
um ordenamento multidimensional de notas obtidas por alunos, que variam em um inter-
valo de 0 a 10, que eram participantes de disciplinas ofertadas em carater semi-presencial
em um AVA.

O conjunto de dados resultante apresentava uma estrutura multimodo de notas ob-
tidas pelos alunos e caracterizada por: (i) Dimensão Alunos: 61 alunos participantes de
um curso de Graduação Semi-Presencial de Licenciatura em Fı́sica de uma IFES; (ii) Di-
mensão Atividades: 5 atividades no AVA (a aprendizagem dos alunos foi avaliada através
da participação dos mesmos em atividades de 3 Fóruns, 1 Portfólio e 1 Chat, por meio de
uma avaliação processual ou formativa que foi realizada ao longo do processo de ensino-
aprendizagem e corresponde a uma concepção do ensino que considera que aprender é um
longo processo por meio do qual o aluno reestrutura seu conhecimento a partir das ativi-
dades que executa [Bassani and Behar 2009]); e (iii) Dimensão Disciplinas: 3 disciplinas
distintas da componente curricular da formação tecno-pedagógica do projeto polı́tico pe-
dagógico do curso, pertencentes respectivamente ao 1o, 2o e 3o semestres. As disciplinas
selecionadas para a pesquisa foram as seguintes: 1. Introdução a Educação a Distância
(EaD), 2. Informática Educativa (IE) e 3. Aprendizagem Mediada pelo Computador
(AMC) e estão representadas nos slices matriciados no Modo 1 do Tensor da Figura 2. As
simulações computacionais foram realizadas com funções e algoritmos implementados e
disponı́veis no Toolbox N-Way [Bro 1997][Kiers 1992] do software MATLAB R©.

5. Análise e Discussão dos Resultados
Após a realização das simulações computacionais com a aplicação do Modelo Tucker3
no ordenamento de dados analisado, os resultados das matrizes de decomposição A, B e
C e o tensor núcleo G foram obtidos. A partir dos resultados obtidos nas decomposições,
iremos propor neste artigo 3 (três) categorias qualitativas de componentes que irão repre-
sentar a dinâmica de composição da avaliação da aprendizagem obtida pelos discentes.

5.1. Proposta de Categorização Qualitativa de Composição da Avaliação Discente

De acordo com o modelo Tucker3 (ver seção 3.3.2), o modo representado pela Matriz
A descreve a relação entre os Alunos participantes do curso e a variação do valor das
componentes resultantes da decomposição que serão chamadas de Dimensão de Apren-
dizagem. Estas componentes serão representadas pelas seguintes categorias: CC (Com-
ponente Curricular), MP (Metodologia do Professor) e CA (Critérios de Avaliação). O
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modo representado pela Matriz B corresponde as notas das Atividades realizadas ao longo
da disciplina, descrevendo a sua variação por tipo de atividade realizada no AVA. A Ma-
triz C representa o modo Disciplinas e indica a diferença entre a variação dos valores das
componentes em relação as disciplinas analisadas.

As três dimensões de Aprendizagem (CC, MP e CA) presentes no processo de
avaliação, que serão consideradas neste artigo, foram obtidas a partir de testes de variância
explicada realizados nos dados analisados pelo Toolbox N-Way [Bro 1997][Kiers 1992].
Outros detalhes deste procedimento podem ser obtidos em [Smilde et al. 2004].

5.2. Resultados da Decomposição Tucker3: Análise Quantitativa das Categorias

A análise da avaliação do desempenho discente proposta neste artigo, através do Modelo
Tucker3, é efetuada visando a decomposição do conjunto de dados em três fontes de
informações propostas: CC (Componente Curricular), MP (Metodologia do Professor) e
os CA (Critérios de Avaliação) e que foram identificadas nas três disciplinas (EaD, IE e
AMC).

A Figura 4 apresenta os três fatores de B relacionados à variação das componentes
em relação aos tipos de atividades que foram realizadas pelos alunos e avaliadas pelos
professoes no AVA. A variação descrita pelos fatores indica a existência dos três processos
referêntes a CC, MP e CA.

Figura 4. Fatores Resultantes da
Matriz B.

Figura 5. Fatores Resultantes da
Matriz C.

Neste caso o primeiro fator esta relacionado diretamente as caracterı́sticas curri-
culares (CC) das atividades propostas ao longo das três disciplinas no AVA. Observa-se
que o valor permanece praticamente constante, pois as 5 atividades virtuais propostas
por estas disciplinas possuem conteúdos com o mesmo grau de dificuldade e com carac-
terı́sticas semelhantes o que pode influênciar da mesma forma no valor da nota. Este fato
se justifica, pois a ementa destas disciplinas apresentam assuntos equivalentes e tratam de
forma conceitual sobre a introdução de tecnologias no contexto educacional.

O segundo fator estaria ligado a MP que sofre um crescimento no inı́cio devido
ao fato de que nas atividades iniciais referêntes aos Fóruns as participações dos alunos
ocorrem de maneira acentuada e em grande volume. Logo em seguida, há um decaimento
nos valores das componentes, indicando que a atividade de Portfólio e por último a de
Chat, foram aquelas em que a participação diminuiu e é necessária a efetiva intervenção
do professor como mediador dos conteúdos.
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Por fim o terceiro fator, esta relacionado aos CA, em que se observa que os
critérios de avaliação são mantidos praticamente constantes nas atividades de Fórum, mas
que sofrem um elevado crescimento em relação a atividade de Portfólio. Isso ocorre de-
vido a produção textual e escrita dos trabalhos de portfólio terem sido as atividades com os
critérios de avaliação mais rigorosos por parte dos professores das disciplinas. Observa-
se ainda nos valores desta componente que há um decaimento em relação ao Chat, o que
indica que os critérios desta atividade são equivalentes aos dos Fóruns.

A Figura 5 apresenta os fatores relacionados as componentes em relação as três
disciplinas analisadas. Observa-se que em relação ao CC este valor constante observado
no gráfico estaria ligado ao fato das disciplinas pertencerem a mesma componente curri-
cular e por isso apresentarem caracterı́sticas semelhantes em termos de conteúdo, ementa
e fundamentação teórica, como pode ser constatado no projeto polı́tico-pedagógico do
curso.

Neste caso, observa-se que o segundo fator, referênte a metodologia do professor,
possui um valor elevado no inı́cio, pois a disciplina de EaD é a primeira a ser cursada pelos
alunos no curso semi-presencial e as atividades realizadas no AVA exigem uma presença
intensa do docente em intervenções constantes e no incentivo a autonômia e ambientação
do aluno nesta nova modalidade de ensino. Percebe-se que há um decaimento em relação
a segunda disciplina (IE), pois esta é realizada incentivando o aluno há desenvolver ações
com iniciativas próprias, além da produção e elaboração de atividades independentes. Já
em relação a disciplina de AMC, observa-se um crescimento significativo, em relação
as outras duas disciplinas. Isto ocorre devido a AMC ser uma disciplina obrigatória e
com uma maior carga de conteúdo em relação as demais, o que implica em uma maior
influência da MP.

Em relação aos CA aplicados pelos professores, observa-se que há um cresci-
mento constante. Este fato é justificado pelo nı́vel de dificuldade e rigor na avaliação
ser crescente a medida que as disciplinas ocorreram nos semestres iniciais (1o. Semes-
tre - EaD), para semestres intermediários (3o. Semestre - IE) e na parte final do curso
(5o. Smestre - AMC). Além disso, como estas disciplinas pertencem a mesma compo-
nente curricular, naturalmente alguns conteúdos já estudados em disciplinas anteriores,
serão exigidos do aluno como pré-requisito para a realização de atividades avaliadas nas
disciplinas seguintes.

6. Considerações Finais
A interpretação dos resultados obtidos com a realização deste trabalho discutem a
presença de caracterı́sticas implicitas ao processo de avaliação discente, presentes em um
conjunto de dados multidimensionais formados por um tensor de notas obtidas por alunos
em atividades/tarefas distintas em um AVA, realizadas em diferentes disciplinas de um
curso de Graduação Semi-Presencial. A aplicação das técnicas de decomposição tensorial
por meio do modelo Tucker3 possibilitou a decomposição das informações associadas aos
elementos presentes ao longo do curso.

Este trabalho apresenta uma contribuição da aplicação destas sofisticadas técnicas
de análise de dados multivariados em processos de avaliação da aprendizagem por meio
de decomposições tensoriais. Este procedimento será denominado neste artigo de Educa-
metria, devido ao fato de que tais técnicas já terem sido utilizadas em uma área da Psico-
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logia denominada de Psicometria [Kroonenberg 2008]. Embora o uso das decomposições
sejam amplamente utilizadas em diversas áreas do conhecimento [Kroonenberg 2008]
[Andersen and Bro 2003] [Almeida et al. 2008], este artigo apresenta uma aplicação na
área da Educação com análise multivariada de dados e investiga e descreve a dinâmica do
processo de ensino-aprendizagem que ocorre em um sistema de avaliação do desempenho
discente.

Uma avaliação da aprendizagem em AVA pautada apenas em acessos e número
de mensagens postadas quanto no conteúdo, enfatiza apenas o produto em relação ao
processo. Entretanto, a análise multilinear dos dados realizada neste artigo, mostra
que o intercruzamento desses critérios e caracterı́sticas pode potencializar a avaliação
da aprendizagem em ambientes virtuais, já que permite uma ressignificação dos da-
dos quantitativos. Deste modo os dados quantitativos não são considerados ape-
nas como critério de avaliação, mas como possibilidade de intervenção pedagógica
[Bassani and Behar 2009][Bassani 2006].

Observa-se ainda que embora a análise dos dados resultante da decomposição
Tucker3, não seja direta ou trivial, é possı́vel se extrair e identificar informações práticas
e importantes do conjunto de dados investigados. Trabalhos futuros apontam para o re-
finamento da análise dos dados obtidas com a decomposição do modelo Tucker3, para
a interpretação dos valores obtidos na matriz A e do tensor Núcleo G para o aprofunda-
mento sobre os limites e possibilidades do uso da álgebra multilinear e das decomposições
tensoriais na investigação do processo de avaliação educacional.
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Abstract. This paper describes the use of principal component analysis (PCA)
as a tool for data analysis of student learning assessment in undergraduate
course. Linear transformations will be described referring to the mathematical
model and the software used for your application. This experiment was applied
to data collected in the form of scores obtained by students in activities of fo-
rums, chat and portfolios in a Virtual Learning Environment. The results suggest
activities and content that have high degrees of correlation, and the degree of
significance of the scores obtained in certain activities.

Resumo. Este artigo descreve a utilização da análise de componentes prin-
cipais (PCA) como ferramenta de análise de dados da avaliação de aprendi-
zagem discente em cursos de graduação semi-presencial. Serão descritas as
transformações lineares referentes ao modelo matemático, bem como o soft-
ware utilizado para sua aplicação. Esse experimento foi aplicado em dados
coletados na forma de notas obtidas pelos alunos em atividades de fóruns, chat
e portfólios em um Ambiente Virtual de Ensino. Os resultados sugerem ativida-
des e conteúdos que apresentam elevados graus de correlação, além dos graus
de significância das notas obtidas em determinadas atividades.

1. Introdução
Avaliação é um ato ou efeito de mensurar, dar valor. De acordo com [Andriola 2002],
a avaliação é um processo que implica uma reflexão crı́tica sobre a prática, no sentido
de captar seus avanços, suas resistências, suas dificuldades e possibilitar uma tomada de
decisão sobre o que fazer para superar os problemas identificados.

Tratando-se de avaliação que tipos de critérios básicos são utilizados neste pro-
cesso? O que é avaliado em uma atividade/tarefa? Quais são os resultados que o professor
espera de seus alunos? Quais as relações existentes entre conteúdos de mesma área do
conhecimento? Portando, entende-se que a avaliação é um processo de decisão seletiva,
um processo que envolve conteúdos e objetivos e que dessa forma permeia com bastante
ênfase o campo da subjetividade [Bassani and Behar 2009].

No contexto da avaliação da aprendizagem em Educação a Distância (EaD), di-
versos trabalhos [Sales et al. 2008][Vasconcelos 2008] apontam para o desenvolvimento

71



de ferramentas avaliativas dos recursos trabalhados nos Ambientes Virtuais de Aprendi-
zagem (AVA). Para [Bassani 2006] os AVA dispõem de diversas informações de registro,
tais como: datas e horários de acesso, participação nos fóruns e chats, testes online, den-
tre outras. Nessa perspectiva, o objetivo deste trabalho é propor a aplicação da técnica
de redução de dimensionalidade, denominada Análise de Componentes Principais (do
inglês Principal Components Analisys - PCA[Moita-Neto 2009]), em notas obtidas pelos
alunos nos fóruns, chat e portfólios bem como a correlação existente entre as ativida-
des/conteúdos em duas disciplinas de mesma componente curricular de uma Instituição
Federal de Ensino Superior (IFES).

Este artigo está organizado em sete seções. Na seção 2 será feito um breve
estudo da literatura, apontando os trabalhos atuais que utilizam análise de dados. Na
seção 3 , será apresentada alguns conceitos sobre avaliação da aprendizagem em Ensino
a Distância. A seção 4 ilustra a ferramenta matemática de análise de dados, o PCA. Na
seção 5, descrevem-se os procedimentos metodológicos de investigação e coleta de dados
desta pesquisa, bem como o software utilizado para a análise. Na seção 6 é apresentado a
análise dos resultados obtidos com a aplicação do método PCA. Por fim, na seção 7 são
discutiras as considerações finais deste trabalho e suas perspectivas futuras.

2. Trabalhos Relacionados
Uma motivação para este trabalho foi uma afirmação feita por [Soares 2005] onde ele
diz que a ”hostilidade em relação aos métodos quantitativos e à estatı́stica (na ciência
social brasileira)”. Realizando um breve estudo na literatura, encontramos o traba-
lho de [Santos and Coutinho 2000] o qual corrobora com esse diagnóstico. Isso se
deve ao fato que os dados levantados por esse autores apontam para uma mesma in-
ferência: a utilização de técnicas básicas de estatı́stica descritiva e inferencial ainda é
bastante limitada nas Ciências Sociais brasileira, entre elas a educação. Alguns trabalhos
recentes na área da educação [Almeida and Pimentel 2010] [Baker et al. 2011] investi-
gam base de dados provenientes do processo de ensino aprendizagem. De acordo com
[Baker et al. 2011], as informações relacionadas aos dados podem ser úteis para a tomada
de decisão mais coerente por parte do professor.

3. Avaliação da Aprendizagem
No entender de [David et al. 2007], para não ser autoritária e conservadora, a avaliação
tem a tarefa de ser diagnóstica, ou seja, deverá ser o instrumento dialético do avanço do
aluno, e terá de ser o instrumento da identificação de novos rumos. Ainda de acordo com
[David et al. 2007], a avaliação deverá, verificar a aprendizagem não só a partir dos requi-
sitos mı́nimos para aprovação, mas a partir dos requisitos necessários para uma absorção
significativa do conteúdo. Enfatiza também a importância dos critérios, pois a avaliação
não poderá ser praticada sob dados inventados pelo professor, apesar da definição desses
critérios não serem fixos e imutáveis, modificando-se de acordo com a necessidade de
alunos e professores.

3.1. Avaliação da Aprendizagem em AVA
De acordo com [Bassani and Behar 2009], a definição de um processo de avaliação coe-
rente tem sido uma das dificuldades que se destacam na modalidade EaD. Um dos con-
textos atuais da EaD no Brasil, é o programa Universidade Aberta do Brasil (UAB), que
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se utiliza de tecnologias computacionais de informação e comunicação através de Ambi-
entes Virtuais de Aprendizagem (AVA) para promover cursos de extensão, graduação e
pós-graduação.

Com o crescimento da utilização desses ambientes em diversas instituições de en-
sino [Sales et al. 2008], [Vasconcelos 2008] abordam o desenvolvimento de ferramentas
com o objetivo de melhorar o processo de avaliação da aprendizagem. Essa preocupação
é importante, pois nesses ambientes o conhecimento é concretizado a partir de interações
entre os participantes, onde cada um constrói seu conhecimento a partir da perspectiva do
outro.

Segundo [Bassani 2006] os AVAs possibilitam o acompanhamento da frequência
e da produção de cada aluno, dessa forma esses ambientes tornam-se uma grande base
de dados que armazenam: frequência e assiduidade (são salvas datas e horários de acesso
ao ambiente e ferramentas disponibilizadas), resultados dos testes, trabalhos realizados
com datas para entrega pré-estabelecidas pelos professores, dessa forma as atividades
entregues após o perı́odo pré-estabelecido não são aceitas, e mensagens trocadas entre os
participantes de uma determinada atividade ou curso a partir de fóruns de discussão ou
chats.

Para [Bassani and Behar 2009] a avaliação em AVAs pode ser entendida a partir
das seguintes perspectivas: avaliação por meio de testes on-line apresenta limitações,
pois os alunos devem responder um conjunto de questões predefinidas e cabe ao sistema
computacional realizar as correções, dessa forma a nota final é vista como um produto do
conhecimento; avaliação da produção individual deve ser feita cada vez mais no âmbito
coletivo, pois possibilita ao professor o acompanhamento do processo de construção de
conceitos por parte dos alunos e torna-o consciente de seu processo de aprendizagem.

4. Análise de Componentes Principais - PCA

A Análise de Componentes Principais (PCA) é um dos métodos da estatı́stica mul-
tivariada, que tem por finalidade identificar a relação entre caracterı́sticas extraı́das
dos dados visando sua redução, eliminação de sobreposições e a escolha das formas
mais relevantes dos mesmos a partir de combinações lineares das variáveis originais
[Moita-Neto 2009]. Sendo também denominada como Transformada de Hotelling, o
PCA transforma variáveis discretas em coeficientes descorrelacionados através de uma
transformação linear aplicada nos dados, de modo que, os dados resultantes tenham suas
componentes mais relevantes nas primeiras dimensões, denominadas como componentes
principais [Lay 2007].

Como princı́pio para o cálculo do PCA, considere um vetor aleatório X =
(X1, X2, ..., Xp), contendo p componentes, com um vetor de médias µ = E(X) =
(µ1, µ2, ..., µp). A matriz de Covariâncias do vetor aleatório X , quadrada de dimensão
p, é denotado por: Cov(X) = Σpxp. A matriz de covariância é uma matriz simétrica, não
negativa, ou seja, aTΣa > 0 para todo vetor de constantes a ∈ Rp. Esta condição implica
que os autovalores da matriz Σpxp denotados por λ1, λ2, ..., λp, são não-negativos, ou seja,
λi ≥ 0, para qualquer i = 1, 2, ..., p (Graybill, 1983).

Pelo teorema da Decomposição Espectral [Lay 2007], sendo Σpxp uma matriz de
covariância, existe uma matriz ortogonal Opxp, isto é, OTO = OOT = I , tal que:
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OTΣO = Θ (1)

em que λ1, λ2, ..., λp, são os autovalores da matriz Σpxp ordenados em ordem decrescente.
Nesse caso, dizemos que a matriz Σpxp é similar a matriz Θ.

A i-ésima coluna da matriz Θ é o autovetor normalizado ei correspondente ao
autovetor λi, com i = 1, 2, ..., p; que é denotado por ei = (e1, e2, ..., ep)

T . Então a matriz
Θ é dada por Θ = [e1e2...ep] e pelo teorema da decomposição espectral tem-se a seguinte
igualdade válida:

Σpxp = Σp
i=1λeie

T
i = OΘOT (2)

Como Θ1,Θ2, ...,Θp formam uma base de Rp, o vetor a pode ser escrito como
Σp

i=1αiOi = αTO para algum α = (α1, α2, ..., αp)
T .

Sendo Θ ortogonal, αTα = 1 e a variância de aTX é menor ou igual a λ1 e to-
mando a = O1, tem-se que var(O1X) = O1ΣO1 = λ1, e define-se a variável aleatória
U1 = OT

1X como o primeiro componente principal de X. Para a obtenção de outros com-
ponentes principais é feita uma restrição de não correlação do próximo componente Ui

com os componentes anteriormente obtidos (U1, ..., Ui−1). Desta forma as componentes
são definidas como vetores aleatórios U = (U1, ..., Up) = OTX , onde as colunas deO são
os autovetores de Σ. É importante ressaltar que a matriz de covariância da nova matriz U
é diagonal, onde os elementos são os autovalores λi.

Verifica-se, portanto, que as variáveis aleatórias que constituem o vetor U são
descorrelacionadas entre si consolidando assim o método, que estabelece um novo sistema
de coordenadas cujos eixos agora estarão na direção dos autovetores de Σ.

Dentre as principais aplicações do PCA, encontram-se a: compressão de
informação (voz e imagem) e redução de dimensionalidade (seleção de atributos e mode-
los) [Mingoti 2005].

Na aplicação de redução de dimensionalidade, o PCA tem a propriedade de mini-
mizar o erro quadrático médio estre os dados reconstruı́dos e os dados originais. Supõe-se,
por exemplo, que se tem dados de entrada X de dimensionalidade m e dados de saı́da Y
de dimensionalidade m1, em que m1 < m.

5. Procedimentos da Pesquisa
5.1. Caracterização dos Dados Coletados
Para o desenvolvimento desta pesquisa, foi realizada uma análise do desempenho de 140
alunos dos cursos de Licenciatura Plena em Quı́mica e Matemática na modalidade semi-
presencial em uma Instituição Federal de Ensino Superior (IFES). A coleta de dados ocor-
reu através das notas obtidas em 14 atividades virtuais realizadas pelos alunos (8 fóruns, 1
chat e 5 portfólios). Os 140 alunos estão dispostos em duas disciplinas, Fı́sica Introdutória
I e Fı́sica Introdutória II, onde cada disciplina tem 70 alunos.

5.2. Conteúdos das Atividades Analisadas
Os conteúdos das atividades realizadas abordam assuntos referentes à Fı́sica Básica. As
Tabelas 1 e 2 apresentam os conteúdos referentes as atividades de fórum em ambas as
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disciplinas. Nas Tabelas 3 e 4 são apresentados os conteúdos referentes as atividades de
portfólio, os quais tiveram como atividades do curso apenas listas de exercı́cios.

Fórum Conteúdo
1 Grandezas Fı́sicas
2 Movimentos
3 Movimentos
4 Leis de Newton
5 Movimento Circular Uniforme
6 Energia Mecânica
7 Ondas Mecânicas
8 Dilatação

Tabela 1. Conteúdos das atividades de Fórum de
Fı́sica Introdutória I.

Fórum Conteúdo
1 Eletrização por Contato
2 Quantização da Carga Elétrica
3 Interação entre Cargas
4 Movimento de Cargas em um Potencial Elétrico
5 Carga de um Capacitor
6 Energia no Capacitor
7 Corrente e Diferença de Potencial
8 Associação de Resistores

Tabela 2. Conteúdos das atividades de Fórum de
Fı́sica Introdutória II.

Portfólio Conteúdo
1 Lista de Exercı́cios - Grandezas Fı́sicas
2 Lista de Exercı́cios - Movimentos
3 Lista de Exercı́cios - Movimentos
4 Lista de Exercı́cios - Leis de Newton
5 Lista de Exercı́cios - Movimento Circular Uniforme

Tabela 3. Conteúdos das atividades de Portfólio
de Fı́sica Introdutória I.

Portfólio Conteúdo
1 Lista de Exercı́cios - Carga Elétrica/Lei de Coulomb
2 Lista de Exercı́cios - Potencial Elétrico
3 Lista de Exercı́cios - Capacitores e Dielétricos
4 Lista de Exercı́cios - Corrente Elétrica
5 Lista de Exercı́cios - Campo Magnético

Tabela 4. Conteúdos das atividades de Portfólio
de Fı́sica Introdutória II.

5.3. Software Statistical Package for the Social Sciences

O software Statistical Package for the Social Sciences (SPSS) é um sistema de análise
estatı́stica em um ambiente gráfico de manuseamento de dados, recomendado para a
análise de fenômenos ou processos sociais, econômicos, psicológicos e educacionais
[SPSS 2007].

Para este trabalho utilizaremos o pacote de análise fatorial do SPSS, que tenta
identificar variáveis subjacentes, ou fatores, que explicam o padrão de correlações den-
tro de um conjunto de variáveis observadas. Análise fatorial é frequentemente uti-
lizada em redução de dados para identificar um pequeno número de fatores que ex-
plicam a maior parte da variância que é observado em um número muito maior de
variáveis[Lay 2007]. Como método de extração dos fatores, utilizaremos a análise de
componentes principais[SPSS 2007].

6. Análise e Discussão dos Resultados

6.1. Validando a Aplicação do PCA
Para determinar se a aplicação da análise em componentes principais tem validade para
as variáveis selecionadas, realizamos os testes de Kaiser-Meyer-Olkin e de esfericidade
de Bartlet[SPSS 2007]. Esses testes verificam o grau de correlação entre os dados estu-
dados [Pasquali 2005]. Se os dados estiverem muito correlacionados, então é interessante
aplicar um método para descorrelacionar os dados como é o caso do PCA.

• Teste Kaiser-Meyer-Olkin (KMO) - Indica a proporção da variância dos dados que
pode ser considerada comum a todas as variáveis, ou seja, que pode ser atribuı́da a
um fator comum, então: quanto mais próximo de 1 (unidade) melhor o resultado,
ou seja, mais adequada é a amostra à aplicação da análise fatorial.
• Teste de esfericidade de Bartlett - Testa se a matriz de correlação é uma matriz

identidade, o que indicaria que não há correlação entre os dados. Dessa forma,
procura-se para um nı́vel de significância assumido em 5% rejeitar a hipótese nula
de matriz de correlação identidade.
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Figura 1. Teste KMO e Bartlett
para Fı́sica Introdutória I.

Figura 2. Teste KMO e Bartlett
para Fı́sica Introdutória II.

Juntos, esses testes fornecem um padrão mı́nimo que deve ser passado antes que
a análise de componentes principais seja relizada.

Os testes indicam a adequação dos dados para a realização da análise fatorial da
Matriz de Correlação em ambas as disciplinas. Em todos os casos reportados nas Figuras 1
e 2, as amostras mostraram-se adequadas para a aplicação da análise fatorial, onde KMO
> 0,5 e Bartlett com rejeição de hipótese nula [Moita-Neto 2009].

6.2. Selecionando as Componentes Principais

Para que possamos definir o número de componentes principais que serão utilizadas é
necessário estabelecer o percentual da variância total explicada por cada componente as-
sociada ao seu respectivo autovalor (Tabelas 5 e 6).

Autovalores Iniciais
Componentes Total % Variância % Acumulativa
1 3,572 25,511 25,511
2 2,522 18,014 43,525
3 1,676 11,975 55,500
4 1,338 9,557 65,057
5 1,002 7,158 72,216
6 0,820 5,860 78,076
7 0,708 5,054 83,130
8 0,657 4,695 87,826
9 0,565 4,036 91,862
10 0,436 3,112 94,974
11 0,338 2,411 97,385
12 0,237 1,695 99,080
13 0,120 0,860 99,940
14 0,008 0,060 100

Tabela 5. Variância Explicada dos
dados de Fı́sica Introdutória I.

Autovalores Iniciais
Componentes Total % Variância % Acumulativa
1 5,651 40,361 40,361
2 1,738 12,413 52,774
3 1,288 9,201 61,975
4 1,148 8,197 70,172
5 0,958 6,841 77,013
6 0,653 4,664 81,677
7 0,521 3,722 85,399
8 0,448 3,200 88,598
9 0,425 3,034 91,633
10 0,356 2,540 94,172
11 0,292 2,088 96,260
12 0,271 1,936 98,195
13 0,143 1,021 99,217
14 0,110 0,783 100

Tabela 6. Variância Explicada dos
dados de Fı́sica Introdutória II.

No intuito de confirmar a fundamentação para a escolha das componentes que
serão objetos de análise, aplicamos o Teste Scree sobre o qual obtemos as Figu-
ras 3 e 4. Este gráfico ilustra como a variabilidade dos dados está distribuı́da entre
os eixos de ordenação, permitindo identificar o número de eixos mais significativos
[Moita-Neto 2009].

Conforme as Figuras 3 e 4, nota-se que a taxa de variação dos autovalores em
relação ao número de componentes decresce abruptamente em um determinado ponto do
gráfico. Na Figura 3 este decaimento ocorre até a componente cinco, no qual a partir desse
ponto o gráfico fica praticamente na horizontal, ou seja, o acréscimo de componentes na
análise representa um incremento relativamente pequeno em termos da representatividade
dos autovalores, e na Figura 4 o decaimento abrupto ocorre até a componente quatro.

Pelo critério de Kaiser [Moita-Neto 2009], na nossa análise utilizaremos apenas
as componentes principais com autovalores associados maiores do que um. Os dados
iniciais demandam um total de 14 componentes principais, relativas a cada atividade do
curso, com a aplicação do método PCA, podemos reduzir para 5 componentes para Fı́sica
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Figura 3. Gráfico Scree
para os autovalores refe-
rentes a disciplina Fı́sica
Introdutória I.

Figura 4. Gráfico Scree
para os autovalores refe-
rentes a disciplina Fı́sica
Introdutória II.

Introdutória I, as quais representam uma variância explicada de 72,216% dos dados ori-
ginais e na disciplina Fı́sica Introdutória II reduzimos o número de componentes a 4, as
quais representam 70,172% da variância explicada dos dados.

6.3. Análise da Matriz de Correlação

Para estabelecer as relações entres as variáveis avaliadas utilizou-se o coeficiente de
correlação linear de Pearson (ρ), o qual é caracterizado por [Dancey and Reidy 2006]
pelos seguintes nı́veis de correlação:

• ρ > 0.70 - Forte correlação.
• 0.30 > ρ > 0.70 - Correlação moderada.
• 0 > ρ > 0.30 - Fraca correlação.

O coeficiente de correlação Pearson varia de -1 a 1. O sinal indica direção positiva
ou negativa do relacionamento e o valor sugere a força da relação entre as variáveis. Uma
correlação perfeita (-1 ou 1) indica que o escore de uma variável pode ser determinado
exatamente ao se saber o escore da outra [Dancey and Reidy 2006].

Nas subseções 6.3.1 e 6.3.2 serão apresentadas as matrizes de correlação obtidas
através dos dados coletados. Para a análise foi utilizado os parâmetros do coeficiente
de correlação de Pearson apontados anteriormente. Por questão de espaço as atividades
tiveram seus nomes abreviados para F, referente aos Fóruns, e P, referente ao portfólio.
Serão analisados apenas aqueles casos que tenham forte correlação.

6.3.1. Disciplina Fı́sica Introdutória I

A Tabela 7 representa a matriz de correlação entre os dados da disciplina Fı́sica Intro-
dutória I, os quais se referem aos conteúdos ministrados na disciplina como foi mostrado
anteriormente nas Tabelas 1 e 3.

Podemos destacar dentre os dados obtidos, o alto grau de correlação existente en-
tre os fóruns 6 e 7, com um fator de carregamento de 0,758, e entre os fóruns 2 e 3, com
um fator de carregamento de 0,990. Pelos graus de correlação obtidos, podemos infe-
rir que quando as notas dos fóruns 2 e 6 aumentam, as notas dos fóruns 3 e 7 também
aumentam, respectivamente [Figueiredo-Filho and Silva-Júnior 2009]. Realizando uma
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Matriz de Correlação
F1 F2 F3 F4 F5 F6 F7 F8 Chat P1 P2 P3 P4 P5

F1 1 0,490 0,495 0,660 0,337 0,296 0,323 0,158 0,187 0,197 -0,025 0,080 0,213 -0,029
F2 0,490 1 0,990 0,367 0,149 0,154 0,213 0,436 0,211 -0,010 -0,064 0,034 0,001 -0,064
F3 0,495 0,990 1 0,371 0,150 0,183 0,232 0,399 0,212 -0,012 -0,061 0,033 -0,001 -0,075
F4 0,660 0,367 0,371 1 0,547 0,181 0,362 0,243 0,331 0,143 -0,016 0,082 0,189 -0,081
F5 0,337 0,149 0,150 0,547 1 0,286 0,360 0,036 0,133 -0,095 -0,124 0,039 0,162 -0,210
F6 0,296 0,154 0,183 0,181 0,286 1 0,758 0,197 -0,039 -0,166 0,016 -0,021 -0,033 -0,119
F7 0,323 0,213 0,232 0,362 0,360 0,758 1 0,114 0,119 -0,173 0,243 0,054 -0,031 0,073
F8 0,158 0,436 0,399 0,243 0,036 0,197 0,114 1 0,105 -0,104 -0,050 -0,149 -0,111 -0,186

Chat 0,187 0,211 0,212 0,331 0,133 -0,039 0,119 0,105 1 -0,158 0,145 0,225 0,259 0,393
P1 0,197 -0,010 -0,012 0,143 -0,095 -0,166 -0,173 -0,104 0,158 1 -0,391 0,346 0,158 0,235
P2 -0,025 -0,064 -0,061 -0,016 -0,124 0,016 0,243 -0,050 0,145 0,391 1 0,300 0,169 0,420
P3 0,080 0,034 0,033 0,082 0,039 -0,021 0,054 -0,149 0,225 0,346 0,300 1 0,271 0,410
P4 0,213 0,001 -0,001 0,189 0,162 -0,033 -0,031 -0,111 0,259 0,158 0,169 0,271 1 0,331
P5 -0,029 -0,064 -0,075 -0,081 -0,210 -0,119 0,073 -0,186 0,393 0,235 0,420 0,410 0,331 1

Tabela 7. Matriz de Correlação das atividades de Fı́sica Introdutória I.

análise sobre os conteúdos abordados nos fóruns podemos destacar uma relação signifi-
cativa existente entre os conteúdos de ondas mecânicas e a energia mecânica, no qual são
tratados nos fóruns 6 e 7, respectivamente. Os fóruns 2 e 3 tratam de um mesmo assunto,
o que corrobora a intenção da análise, a qual atesta que existe essa relação entre as notas
obtidas.

6.3.2. Disciplina Fı́sica Introdutória II

A Tabela 8 representa a matriz de correlação entre os dados da disciplina Fı́sica Intro-
dutória II, os quais tem como conteúdos estudados, aqueles referentes as Tabelas 2 e 4.

Matriz de Correlação
F1 F2 F3 F4 F5 F6 F7 F8 Chat P1 P2 P3 P4 P5

F1 1 0,455 0,641 0,401 0,420 0,343 0,340 0,256 0,148 0,358 0,289 0,342 0,323 0,419
F2 0,455 1 0,554 0,320 0,423 0,135 0,188 0,270 0,035 0,133 0,455 0,288 0,177 0,371
F3 0,641 0,554 1 0,360 0,363 0,160 0,166 0,204 -0,024 0,381 0,390 0,259 0,223 0,369
F4 0,401 0,320 0,360 1 0,611 0,405 0,455 0,589 0,167 0,324 0,441 0,360 0,468 0,575
F5 0,420 0,453 0,363 0,611 1 0,253 0,327 0,611 0,182 0,316 0,687 0,504 0,458 0,501
F6 0,343 0,135 0,160 0,405 0,253 1 0,821 0,389 0,210 0,423 0,191 0,078 0,152 0,152
F7 0,340 0,188 0,166 0,455 0,327 0,821 1 0,577 0,131 0,486 0,341 0,200 0,314 0,205
F8 0,256 0,270 0,204 0,589 0,611 0,389 0,577 1 0,306 0,355 0,507 0,309 0,329 0,312

Chat 0,148 0,035 -0,024 0,167 0,182 0,210 0,131 0,306 1 0,051 -0,045 0,241 -0,035 0,112
P1 0,358 0,133 0,381 0,324 0,316 0,423 0,486 0,355 0,051 1 0,366 0,419 0,460 0,380
P2 0,289 0,455 0,390 0,441 0,687 0,191 0,341 0,507 -0,045 0,366 1 0,450 0,572 0,569
P3 0,342 0,288 0,259 0,360 0,504 0,078 0,200 0,309 0,241 0,419 0,450 1 0,454 0,501
P4 0,323 0,177 0,223 0,468 0,458 0,152 0,314 0,329 -0,035 0,460 0,572 0,454 1 0,544
P5 0,419 0,371 0,369 0,575 0,501 0,152 0,205 0,312 0,112 0,380 0,569 0,501 0,544 1

Tabela 8. Matriz de Correlação das atividades de Fı́sica Introdutória II.

Na matriz de correlação da disciplina de Fı́sica Introdutória II, podemos ressaltar
a relação existente entre os fóruns 6 e 7 (ρ = 0, 821), que tem como conteúdos chaves
a Energia do Capacitor (fórum 6), e o conceito de Corrente Elétrica e Difererença de
Potencial (fórum 7). A forte correlação existente indica um padrão de crescimento das
notas das atividades de fóruns, ou seja, essas atividades tem correlação positiva. Esse
padrão não é observável nas outras atividades, o que indica a falta de uma forte correlação
entre as outras notas.

6.4. Análise do PCA

De acordo com o testes feitos anteriormente para a validação da aplicação do PCA na
base de dados coletadas, as Tabelas 9 e 10 representam os fatores de cargas relacionados
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a importância da atividade diante de todo o conjunto de dados, ou seja, podemos destaca
o quanto significativa é a atividade em relação as outras [Moita-Neto 2009].

Componentes
1 2 3 4 5

F1 0,345 -0,024 0,096 -0,634 0,287
F2 0,935 0,080 -0,029 -0,076 0,042
F3 0,920 0,071 -0,005 -0,085 0,046
F4 0,211 0,093 -0,080 -0,763 0,132
F5 -0,161 0,051 0,228 -0,786 -0,171
F6 0,031 -0,142 0,859 -0,129 -0,072
F7 0,046 0,052 0,914 -0,137 -0,018
F8 0,662 -0,062 0,074 0,102 -0,126

Chat 0,232 0,783 -0,046 -0,073 -0,112
P1 -0,013 -0,118 -0,231 -0,152 0,905
P2 -0,058 0,150 0,351 0,293 0,636
P3 -0,069 0,371 0,053 -0,017 0,464
P4 -0,174 0,625 -0,114 -0,312 0,014
P5 -0,053 0,742 0,103 0,356 0,185

Tabela 9. Matriz de Componentes
de Fı́sica Introdutória I.

Componentes
1 2 3 4

F1 0,646 -0,109 0,510 0,100
F2 0,552 -0,356 0,417 0,232
F3 0,578 -0,341 0,594 0,001
F4 0,756 0,090 -0,107 0,087
F5 0,786 -0,137 -0,189 0,196
F6 0,511 0,721 0,258 -0,115
F7 0,622 0,661 0,113 -0,203
F8 0,689 0,324 -0,222 0,206

Chat 0,209 0,326 -0,158 0,778
P1 0,621 0,179 0,028 -0,392
P2 0,745 -0,259 -0,213 -0,153
P3 0,617 -0,240 -0,304 0,133
P4 0,649 -0,175 -0,360 -0,374
P5 0,706 -0,316 -0,180 -0,021

Tabela 10. Matriz de Componen-
tes de Fı́sica Introdutória II.

Analisando a Tabela 9, podemos observar que não há um padrão na localização
dos maiores fatores de carga em relação as componentes obtidas, o que indica que ne-
nhuma atividade se sobressai a outra, no que diz respeito ao seu nı́vel de significância em
relação as outras atividades. Ao contrário da Tabela 9, a Tabela 10 tem uma forma bem
clara de localização dos maiores fatores de cargas em relação as componentes observadas,
o que indica uma presença significativa das notas dos portfólios perante a base de dados.
Os fóruns 2, 3 e 7 tem sua significância comprometida por ter fatores de carregamento na
terceira componente da matriz, analogamente ao fator referente a atividade de chat, que
está na componente menos significativa.

7. Considerações Finais

Este trabalho apresenta uma contribuição da aplicação de uma técnica da estatı́stica mul-
tivariada, o método PCA, em dados educacionais relacionados ao processo de avaliação
da aprendizagem.

Os resultados dos testes KMO e de esferecidade de Bartlett [SPSS 2007] apon-
tam para a validação da aplicação da técnica na base de dados selecionada. A partir na
análise da matriz de correlação podemos inferir sobre o quão correlacionável é uma ativi-
dade/conteúdo com outra.

A aplicação do PCA verificou a importância das atividades de portóflio na disci-
plina de Fı́sica Introdutória II, o que nos faz inferir sobre a necessidade de uma análise
mais profunda de sua diferença em relação ao curso de Fı́sica Introdutória I.

O intuito da aplicação da ferramenta proposta neste artigo é subsdiar o professor
responsável pela elaboração de cursos online, tendo em vista que esse tipo de análise trás
um feedback estatı́stico que está implı́cito no conjunto de dados.

Observamos que a da não-trivialidade da análise dos dados não deve servir de
desmotivação, tendo em vista que existe um relacionamento entre a matemática apli-
cada e as relações psicológicas humanas [Kroonenberg 2008]. Como trabalhos futu-
ros, sugere-se uma abrangente análise da matriz de correlação e a aplicação de outras
técnicas de análise de dados que trabalham com dimensões de ordem superior a dois
[Kroonenberg 2008].
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fins de avaliação do uso das ferramentas de aprendizagem do ambiente tidia-ae. In
Anais do III WAValia.

Andriola, W. B. (2002). Deteccı́on del funcionamiento diferencial del item en tests de
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