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ABSTRACT

Canonical Correlation Analysis (CCA) is a multivariate method enables the
assessment of the simultaneous relationship between two sets of multiple variables. In
social and behavioral sciences; variables usually have multiple causes or multiple effects,
and need to be examined simultaneously in order to fully grasp the structure and key
features of the data.

The main purpose of this study is to use CCA in exploring the relationship between
the Big-Five Personality factors, which are Neuroticism, Extraversion, Openness to
Experience, Agreeableness, and Conscientiousness, and four domains of Future Anxiety,
which are General Anxiety, Social Anxiety, Political Anxiety and Economic Anxiety,
among the Palestinian university students in Gaza strip.

A pre-analyzed data from (Jaber, 2012) was used in this study. The original data
consist of 800 randomly selected university students, from two non-private universities
(Al-Azhar University-Gaza and Al-Aqsa University) who were enrolled in the second
semester of the academic year 2011-2012, and were in their first or fourth grade level. Two
instruments were used for collecting the data: The Big Five Factors of Personality
Inventory (NEU-FFI) and the Future Anxiety Questionnaire. In order to obtain a
representative sample of the population, a random sample of 531 students from the original
sample was selected.

After reviewing the theoretical development and applications of CCA, an
exploratory analysis was performed, and CCA assumptions were assessed. Then CCA was
conducted and interpreted, finally a double cross-validation (DCV) was performed to
evaluate the results.

Four canonical functions were conducted, and the full model across all functions
was statistically significant with Wilks   0.6804 ( P  0.001 ) , and it explained about 32%
of the variance shared between the variable sets for the full model. Only the first canonical
iii

function was noteworthy to be interpreted, with canonical correlation rc1  0.505 which
explaining about 25.5% of the variance between the two sets. So the association between
the Personality set and Anxiety set was essentially one-dimensional.

The study of the standardized coefficients, the canonical loadings and canonical
cross-loading, revealed that the relationship between the two sets is essentially between
Neuroticism and Agreeableness from personality set; with an opposite direction; and
General Anxious and Social Anxious from Anxiety set. We can conclude that students with
high level of Neuroticism and low level of Agreeableness had a high level of general and
social anxious. A Double Cross-Validation confirmed the stability and replicability of the
results.

iv

الملخص

تحليل االرتباط المقنن هو إحدى طرق التحليل متعدد المتغيرات ،وهي طريقة تهتم بدراسة
االرتباط بين مجموعتين ذوات متغيرات متعددة بشكل متزامن عن طريق ايجاد معامل ارتباط بيرسون
بين تركيبة خطية للمجموعة األولى وتركيبة خطية للمجموعة الثانية .تحليل االرتباط المقنن له أهمية
كبيرة في مجال العلوم االجتماعية والسلوكية ،حيث أن المتغيرات في هذا المجال يكون لها في الغالب
أسباب وتأثيرات متعددة ومتداخلة ،فتكون دراسة العالقات المتزامنة أفضل طريقة لفهم التركيب العام
للبيانات.

في هذه الدراسة نهتم باستكشاف العالقة بين العوامل الخمسة الكبرى للشخصية وهي
العصابية ،واالنبساطية ،واالنفتاح على الخبرة ،والمقبولية ،ويقظة الضمير من جهة ،وأربع مجاالت
لقلق المستقبل وهي القلق العام ،والقلق االجتماعي ،والقلق السياسي ،والقلق االقتصادي من جهة
أخرى ،لدى طلبة الجامعات الفلسطينية في قطاع غزة.

تم في هذه الدراسة استخدام بيانات من دراسة سابقة للباحث (جبر .)2102,العينة األصلية
تشتمل على  011طالب وطالبة من المستوى الدراسي األول والرابع للعام الدراسي ،2102-2100
من جامعتي األزهر واألقصى في محافظات غزة .حيث ُجمعت البيانات باستخدام أداتين :األولى قائمة

العوامل الخمسة الكبرى للشخصية  NEU-FFIوالثانية استبانة قلق المستقبل .وللحصول على عينة
ممثلة قامت الباحثة باختيار عينة من  531طالب من العينة األصلية عشوائياً.

بعد استعراض األساس النظري لالرتباط المقنن وتطبيقاته في العلوم المختلفة ،تم إجراء
التحليل االستكشافي للبيانات ،ثم التأكد من توفر االفتراضات األساسية لالرتباط المقنن ،بعدها تم تنفيذ
تحليل االرتباط المقنن وتفسيره ،وأخي اًر تم التحقق من قابلية النتائج للتعميم والتكرار باستخدام طريقة
 Cross-Validationالمزدوجة.
v

أظهرت النتائج الداللة اإلحصائية للنموذج الكلي المكون من أربع دوال مقننة ،حيث كانت
قيمة اختبار  Wilksتساوي    0.6804وتفسر قرابة  %22من التباين بين المتغيرات في
المجموعتين .الدالة األولى فقط كانت جديرة بالتفسير  ،بارتباط مقنن  %25.5 rc1  0.505من
التباين بين المجموعتين.

وأظهرت النتائج أن العالقة بين المجموعتين هي في األساس بين العصابية والمقبولية من
مجموعة عوامل الشخصية ،والقلق العام والقلق االجتماعي من مجموعة قلق المستقبل ،حيث أن
الطالب الذين ترتفع لديهم العصابية وتقل المقبولية ،يرتفع لديهم كالً من القلق العام والقلق
االجتماعي.

vi

TABLE OF CONTENTS

SUBJECT

PAGE NO

LIST OF TABLES……………………………………………………………………..

xi

LIST OF FIGURES…………………………………………………………………….

xii

ABBREVIATIONS……………………………………………………………………..

xiii

CHAPTER I: INTRODUCTION
1.1

BACKGROUND………………………………………………………………...

1

1.2

CANONICAL CORRELATION ANALYSIS CCA…………………………...........

2

1.3

CCA, MANOVA AND MULTIVARIATE REGRESSION ……………………...........

3

1.4

THE BIG FIVE FACTORS OF PERSONALITY……………………………...........

4

1.5

FUTURE ANXIETY……………………………………………………….........

6

1.6

RESEARCH PROBLEM………………………………………………………….

7

1.7

THE STUDY IMPORTANCE…………………………………………………….

7

1.8

OBJECTIVES…………………………………………………………………...

8

1.9

SOURCE OF DATA ……………………………………………………………….

8

1.10 RESEARCH METHODOLOGY…………………………………………………..

9

1.11 THESIS OUTLINE………………………………………………………………

9

2

CHAPTER II: LITERATURE REVIEW

2.1

INTRODUCTION ………………………………………………………………..

2.2

ON THE CONCEPT OF CCA ……………………………………………...
vii

11
11

2.3

ON THE APPLICATIONS OF CCA IN SOCIAL SCIENCE…………………..

14

2.4

THE BIG-FIVE FACTORS OF PERSONALITY AND FUTURE ANXIETY AMONG

19

PALESTINIAN STUDENTS ……………………………………………………
2.5

3

SUMMARY……………………………………………………………………..

20

CHAPTER III: CANONICAL CORRELATION ANALYSIS (CCA)

3.1

INTRODUCTION………………………………………………………….........

21

3.2

GENERAL PURPOSE AND DESCRIPTION……………………………………….

21

3.3

DEFINITIONS…………………………………………………………….........

22

3.4

SAMPLE CANONICAL CORRELATIONS AND CANONICAL VARIATES………….

25

3.5

GEOMETRICAL INTERPRETATION OF THE CCA………………………............

8

3.6

SOME PROPERTIES OF CCA…………………………………………………..

29

3.7

ASSUMPTIONS OF THE CCA…………………………………………….........

30

3.8

SAMPLE SIZE AND RELIABILITY………………………………………………

34

3.9

MISSING DATA AND OUTLIERS……………………………………………….

35

3.10 TESTS OF SIGNIFICANCE ………………………………………………………

36

3.11 CROSS-VALIDATION …………………………………………………….........

40

3.12 SUMMARY…………………………………………………………….............

42

4

CHAPTER IV: INTERPRETATION OF CCA

4.1

INTRODUCTION………………………………………………………………..

44

4.2

CANONICAL CORRELATIONS …………………………………………………...

45

viii

4.3

STANDARDIZED COEFFICIENTS …………………………………………………

45

4.4

LOADING MATRICES……………………………………………………………

47

4.5

CANONICAL CROSS-LOADINGS………………………………………………...

49

4.6

REDUNDANCY……………………………………………………...................

50

4.7

WHAT INTERPRETATION METHOD TO USE?..........……………………….........

51

4.8

SUMMARY ……………………………………………………........................

52

5

CHAPTER V: DATA ANALYSIS

5.1

INTRODUCTION…………………………………………………………...…….

53

5.2

DATA DESCRIPTION…………………………………………………………….

53

5.3

DESCRIPTIVE ANALYSIS ………………………………………………….…….

57

5.4

ASSESSING CCA ASSUMPTIONS………………………………………….…….

58

5.5

CANONICAL CORRELATION MODEL……………………………………………

66

5.6

VALIDATION OF CCA…………………………………………………………..

72

5.7

SUMMARY……………………………………………………………………

75

6

CHAPTER IV: CONCLUSIONS AND RECOMMENDATIONS
76

6.1

INTRODUCTION ………………………………………………….……………..

6.2

CONCLUSIONS………………………………………………………………….

76

6.3

RECOMMENDATIONS ……………………………………………………………

77

REFERENCE……………………………………………………………………………

78

ix

APPENDICES…………………………………………………………………………..
APPENDIX 1: HISTOGRAMS AND Q-Q PLOTS FOR THE VARIABLES…………………

83

APPENDIX 2: Scatter plots for CON variable with PER set variables…………………

88

APPENDIX 3: CCA COMMANDS AND OUTPUT………………………………………..

89

APPENDIX 4: THE INSTRUMENTS USED IN DATA COLLECTION (IN ARABIC ) …………

x

92

LIST OF TABLES
TABLE

PAGE NO

TABLE 5.1: DISTRIBUTION OF STUDY POPULATION BY UNIVERSITY AND EDUCATION

55

LEVEL………………………………………………………………………

TABLE 5.2: DISTRIBUTION OF STUDY SAMPLE BY UNIVERSITY AND EDUCATION LEVEL

56

TABLE 5.3: DEMOGRAPHICS OF STUDY SAMPLE (n=531)………………………………

56

TABLE 5.4: DESCRIPTIVE STATISTICS FOR THE VARIABLES IN THE PER AND ANX SETS,

57

(n=531)……………………………………………………………………
TABLE 5.5: SKEWNESS AND KURTOSIS TESTS FOR NORMALITY , (n=531)……………..

59

TABLE 5.6: PEARSON’S CORRELATION COEFFICIENT FOR VARIABLES OF PER SET AND

64

ANX SET, (n=530)…………………………………………………………..
TABLE 5.7: SQUARED MULTIPLE CORRELATIONS AND VIFk
PER SET

AND

VALUES FOR VARIABLES OF

65

ANX SET……………………………………………………

TABLE 5.8: MULTIVARIATE TESTS OF SIGNIFICANCE FOR THE FULL MODEL………….
TABLE 5.9: CANONICAL CORRELATIONS AND

67

HIERARCHICAL SIGNIFICANT TESTS FOR

THE FOUR CANONICAL FUNCTIONS ………………………………………..

68

TABLE 5.10: CANONICAL SOLUTION FOR PER SET PREDICTING ANX SET…………...

70

TABLE 5.11: CANONICAL CORRELATIONS AND CANONICAL ROOTS FOR THE TWO

72

DCV GROUPS……………………………………………………………
TABLE 5.12: PEARSON CORRELATION COEFFICIENTS BETWEEN THE LATENT
VARIABLES ………………………………………………………………..

xi

74

xii

LIST OF FIGURES

FIGURE

PAGE NO

FIG 5.1

BOXPLOTS FOR THE NINE VARIABLES …………………………….…….

58

FIG 5.2

BOXPLOTS FOR THE NINE VARIABLES AFTER TREATING OUTLIERS ……

61

FIG 5.3

HISTOGRAM OF CON

…………

61

VARIABLE AFTER TREATING OUTLIERS

PER SET………………..

62

SET……………………………..

62

FIG 5.5 (A) MATRIX SCATTER PLOT FOR PER SET…………………………………..

63

SET…………………………………..

63

THE FULL CANONICAL MODEL……………………………………………

66

FIG 5.7 (A) SCATTER PLOTS FOR THE FIRST CANONICAL FUNCTION………………….

69

FIG 5.7 (B) SCATTER PLOTS SECOND CANONICAL FUNCTIONS ……………………….

69

FIG 5.4 (A) BETA Q-Q PLOT FOR THE QUANTITIES
FIG 5.4 (B) BETA Q-Q PLOT FOR THE

FOR

ANX

FIG 5.5 (B) MATRIX SCATTER PLOT FOR ANX
FIG 5.6

xiii

FOR

ABBREVIATIONS
ABBREVIATION FULL W ORD

AGR

AGREEABLENESS

ANX

ANXIETY

CCA

CANONICAL CORRELATION ANALYSIS

CCTST

CALIFORNIA CRITICAL THINKING S KILLS TEST

CON

CONSCIENTIOUSNESS

CV

CROSS-VALIDATION

DCV

DOUBLE CROSS-VALIDATION

EA

ECONOMIC ANXIETY

EXT

EXTRAVERSION

GA

GENERAL ANXIETY

GLM

GENERAL LINEAR MODEL

IC

INVARIANCE COEFFICIENT

NEU

NEUROTICISM

NEO-FFI

THE BIG FIVE FACTORS OF PERSONALITY INVENTORY

OPE

OPENNESS TO EXPERIENCE

PA

POLITICAL ANXIETY

PER

PERSONALITY

SA

SOCIAL ANXIETY

SPSS

STATISTICAL PACKAGE FOR THE SOCIAL SCIENCES

TIMSS-R

THIRD INTERNATIONAL MATHEMATICS AND SCIENCE S TUDY – REPEATED

WCSS

WAYS OF COPING WITH STRESS SCALE

WPI

WORKPLACE PERSONALITY INVENTORY
xiv

CHAPTER I
INTRODUCTION

1.1

BACKGROUND

"Much of the early developmental work in multivariate analysis was motivated by
problems from the social and behavioral sciences, especially education and psychology"
(Izenman, 2008, p. 2)

From this statement, we can discern how essential is the use of multivariate
methods in analyzing social and behavioral data.

Not only in social and behavioral sciences, the majority of data sets collected by
researchers in all disciplines are multivariate (Everitt, 2005). In such data, variables
possibly have multiple causes and multiple effects, in some cases isolation of each variable
and studying it separately may be sensible, but in most cases it may distort the complex
reality of human behavior and reasoning (Sherry & Henson, 2005), and in order to fully
grasp the structure and key features of the data, a simultaneous examination of
relationships between variables is needed, and one or another method of multivariate
analysis might be most helpful.

Due to the progress of statistical software programs, multivariate methods have
been widely used for data analysis. Several statistical techniques available for the analysis
of multivariate data include Multivariate Analysis of Variance (MANOVA), Discriminant
1

Analysis, Factor Analysis, and our concerned method; the Canonical Correlation
Analysis ( CCA).

CCA is a method that enables the assessment of the relationship between two sets
of multiple variables, and it is a way of making sense of cross-covariance matrices ( Hair,
et al., 1998).

This study is interested in exploring the CCA and its contribution in psychological
researches. Two major psychological subjects are chosen to be studied, the Big Five
Factors of Personality, and the Future Anxiety domains. The simultaneous relationship
between those two subjects is conducted, interpreted and evaluated.

1.2

CANONICAL CORRELATION ANALYSIS (CCA)

CCA is a theory pioneered by Harold Hotellingin 1935 and 1936 (Sherry &
Henson, 2005), which concerned with the amount of linear relationship between two sets
of variables. It explores the relationships between two multivariate sets of variables, all
measured on the same individuals (Rencher, 2002).

In the correlation matrix, each element captures the correlation between two
variables, while CCA captures the simultaneous correlations between two sets of variables
(Weenink, 2003).

2

As a multivariate method; CCA has several advantages. First, the probability of
committing Type I error anywhere within the study is limited. Second, it may best honor
the reality of psychological research. Finally, CCA can be used instead of other parametric
tests in many instances, (Kimbell, 2001) and (Henson, 1999) illustrate how CCA can be
used to implement all the parametric tests and that canonical methods subsume as special
cases.

In recent years, CCA has been widely used for data analysis in so many fields, even
though it is less popular than many other methods, applications of CCA are found across
various disciplines, like the study of (Kanbar, 2012) in agriculture, the study of (Via &
Santamaria, 2005) in communications engineering, the study of (Joosen, et al., 2012) in
clinical cardiology, the study of (Chen & Chen, 2003) on the future impacts of climate
change and the study of (Zhang & Schneider, 2011) in computer science.

1.3

CCA, MANOVA AND MULTIVARIATE MULTIPLE REGRESSION

From the many other statistical

procedures that deals with

multivariate data,

Multivariate Analysis of Variance (MANOVA) and the Multivariate Multiple Regression
are the most comparable to CCA.

In MANOVA we compare the mean vectors of the k samples for significant
differences (Rencher, 2002), it's better use when the dependent variables are quantitative
and the independent variables are categorical ( Mertler & Vannatta, 2002)
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Multivariate Multiple Regression try to interpret possible linear relationships
between certain input and output variables (Izenman, 2008), the dependent variables
should be quantitative and independent variables might be quantitative or qualitative (
Mertler & Vannatta, 2002).

CCA is often a useful complement to a multivariate regression analysis (Rencher,
2002), in fact it is a generalization of MANOVA, and multivariate multiple regression as it
can be considered as the General Linear Model (GLM) (Kimbell, 2001). In CCA the
relationship between sets of multiple dependent and multiple independent variables is
detected, and it can use both quantitative and categorical data for either the dependent or
independent variables ( Hair, et al., 1998).

In this study our goal is to explore the simultaneous relationship between two sets
of multiple quantitative variables, so CCA is most suitable procedure to achieve this goal.

1.4

THE BIG FIVE FACTORS OF PERSONALITY

After decades of research, the field of personality psychology approached
consensus on a general taxonomy of personality traits, the “Big Five” personality
dimensions, these dimensions were derived from "Analyses of the natural-language terms
people use to describe themselves and others" (John & Srivastava, 1999, p. 2).

Personality traits are defined as: "dimensions of individual differences in tendencies
to show consistent patterns of thoughts, feelings, and actions" (McCrae, 2002, p. 3).
4

The five-factor model of personality is a hierarchical organization of personality
traits in terms of five basic dimensions: Extraversion, Agreeableness, Conscientiousness,
Neuroticism, and Openness to Experience (McCrae & John, 1992). According to (Chew &
Dillon, 2014) and (Rothman & Coetzer, 2003) the five dimensions have the following
attributes:



Neuroticism is the tendency to be sensitive, emotional, and to experience
negative effects such as fear, sadness, embarrassment, anger, guilt and disgust.



Extraversion is characterized by being outgoing and active, it includes traits
such as sociability, assertiveness, activity and talkativeness.



Openness to Experience is characterized by inclination for a diverse and broad
range of new experiences. It includes active imagination, aesthetic sensitivity,
attentiveness to inner feelings and a preference for variety.



Agreeableness is the tendency to be compassionate, good natured, and
sympathetic to others and eager to help them, and in return believes that others
will be equally helpful.



Conscientiousness refers to a tendency to self-control and the active process of
planning, persistence, organization, and motivation.

Many researches discussed the five-factor model of personality and its relation of
various psychological topics, for further reading, see (John & Srivastava, 1999; McCrae
& Costa, 2004; Melhem & Al-Ahmad, 2010; Eksi, 2010 and Rosellini & Brown, 2011).

5

1.5

FUTURE ANXIETY

Future Anxiety can be considered as an important attributes of the modern times.
Many researchers studied the causes of future anxiety of several aspects, the prevailing
societal circumstances was one of the most important reasons (Jaber, 2012).

(Assalia & Al-Banna, 2011) define Future Anxiety as the individual anticipation of
a danger threatens his life and his future, and this danger may not be exist, resulting loss of
security and pessimistic attitude for the future and life. (Luxon, et al., 2009) cited the
following definition “a state of apprehension, uncertainty, fear, worry and concern of
unfavorable changes in a more remote personal future".

Factors that induce anxiety might be personal factors, when the individual has
misperceptions or irrational ideas that make him construed reality, attitudes and events,
wrongly. And it might be social factors, like environmental and cultural circumstances
factors saturated fear and deprivation, loneliness, insecurity, or stressful of life situations,
where the increase in burdens or the difficulties faced by the individual in life will make
him more pessimistic. Pressures and traumatic situations to which the individual exposed,
is considered an important determinant in feeling concerned about his future (Jaber, 2012).

For further readings, see (Kashdan & Herbert, 2001; Bolanowski, 2005 and
Masawi, 2013).

6

1.6

RESEARCH PROBLEM

Multivariate techniques are very important in social science research, mainly in
psychological field, where researchers study the relationships between several
psychological factors and their different effects on individuals, in order to have better
understanding of those relationships; multivariate methods are strongly recommended and
CCA may be particularly useful.

In this study CCA is used to explore the simultaneous relationships between two
important psychological subjects; the personality factors and the future anxiety. The main
question of this research is:
What is the CCA model for the Big Five Factors of Personality and the four fields
of Future Anxiety among university students in Gaza Strip.

1.7

THE STUDY IMPORTANCE

In psychological field -especially in Gaza Strip- most psychological researchers
continue to use univariate statistical analyses such as t-test, one-way ANOVA and the
simple Pearson's correlation to analyze data that might better be analyzed using a
multivariate techniques such as CCA.

The importance of this study is raised from reducing statistical barriers of using
multivariate methods, and formalizing, interpreting and evaluating a model using CCA.

7

1.8

OBJECTIVES

This study aims to achieve the following objectives:
1. to review the main theory and some applications of the CCA.
2. to explore the simultaneous relationship between the Big Five Factors of
Personality and the four fields of Future Anxiety among the Palestinian
university students in Gaza Strip
3. to formulize an accurate model for this relationship via the CCA.
4. to interpret the CCA variates.
5. to evaluate the CCA solution using Cross-validation methods..

1.9

SOURCE OF DATA

A pre-analyzed data from (Jaber, 2012) is used in this study, where it were
analyzed using univariate methods. The original data consists of 800 randomly selected
university students, from two non-private universities (Al-Azhar University-Gaza and AlAqsa University) who were enrolled in the second semester of the academic year 20112012, and were in their first or fourth grade level.

Two instruments were used for collecting the data: The Big Five Factors of
Personality Inventory (NEU-FFI) which consists of five factors and the Future Anxiety
Questionnaire which distributed on four domains.

8

1.10

RESEARCH METHODOLOGY

The researcher throughout this study has tracked the following steps:
1. Reviewing the theoretical development and applications of CCA in various
fields of science.
2. Describing the construction of data collection instruments.
3. Performing the exploratory data analysis to understand the main features of
the data.
4. Assessing the assumptions of the CCA.
5. Carrying out the CCA for the considered data, and interpretation its several
types of coefficients.
6. Constructing the best CCA model.
7. Examining replicability of the obtained results by CCA via cross-validation
analysis

Researcher has used the SPSS program and R program (Package ‘CCA’) to conduct
all required analysis.

1.11

THESIS OUTLINE

This thesis uses the CCA model for the big five factors of personality and the four
fields of future anxiety among university students in the Gaza Strip, and the thesis is
outlined as follows:

9

Chapter two reviews the most relative literature of CCA. Chapter three reviews
the theoretical basis of the CCA method, general purposes, definitions, theoretical
foundations, essential assumptions, and Cross-validation method to evaluate the CCA
results. Chapter four focuses on the interpretation of the CCA and represents a different
point of views. Chapter five presents the analysis of the data of the Big Five Factors of
Personality and the four fields of Future Anxiety among the Palestinian university students
in Gaza strip. Chapter six presents the conclusions and recommendations.

A comprehensive list of references and appendices including the used algorithm in
analysis and some of the output are attached at the end of this thesis.
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CHAPTER II
2 LITERATURE REVIEW

2.1

INTRODUCTION

In this chapter some previous studies on CCA method and its application in social
and behavioral sciences is briefly discussed. Moreover, we will introduce the study that the
data where obtained from.

2.2

ON THE CONCEPT OF CCA

(Sherry & Henson, 2005) tried to reduce potential statistical barriers and open doors
to CCA for applied behavioral scientists and personality researchers, and demonstrated
CCA with basic language, using technical terminology only when necessary for
understanding and use of the method. Advantages of CCA and other multivariate
techniques, general overview of CCA and appropriate uses, and a list of the important
CCA terms were presented. A step-by-step guide to run and interpret CCA from SPSS
output using personality data was discussed.

(Weenink, 2003) discussed algorithms for performing CCA, and obtained two
numerical



'
xy

stable

procedures

to

solve

the

canonical

correlation

equations

 xx1 xy   2 yy   0 and  'yx  yy1 yx   2 yy   0 , where  yy is the covariance

matrix of the y's,  yx is the covariance matrix between the y's and the x's, and  xx is the
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covariance matrix of the x's,  and  are the coefficient vectors where U  ' X , V   ' Y
and   corr( U ,V ) . First procedure is based on covariance matrices and the second
procedure is based on data matrices. A CCA was performed using those procedures, the
data set contains the first three formant frequency values and levels from the 12 Dutch
monophthong vowels as spoken by 50 male speakers. PRAAT program which adopted the
methods was used in performing the CCA.

(Kimbell, 2001) demonstrated that CCA is the most general case of the general
linear model, it can be employed to implement all the parametric tests that canonical
methods subsume as special cases. The point is heuristic: all analyses are correlational,
apply weights to measured variables to create synthetic variables, and require the
interpretation of both weights and structure coefficients. A heuristic data set for 20 elderly
persons residing at home, in assisted living, and in nursing homes was used to perform a ttest, Pearson correlation, multiple regression, ANOVA, MANCOVA, and descriptive
discriminant analysis, using the original method first then using the CCA. The analysis by
the original methods and by the CCA yielded the same results.

(Alexander, 2000) illustrated that as a result of the CCA, many types of coefficients
can be generated and interpreted. These coefficients are only considered stable and reliable
if the number of subjects per variable is sufficiently large. Coefficients include the
canonical correlation, the canonical function, structure coefficients, the communality
coefficient, the adequacy coefficient, index coefficient and redundancy. To illustrate a
practical application of canonical correlation, data from a large West coast law school were
used to determine the relationship between two sets of variables and their influence on
admitted students' decisions whether or not to attend the law school. Eight variables with
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predictor set contained five variables, and the criterion set contained three variables, were
analyzed using SAS statistical software for the data set containing 251 observations.

The logic of canonical analysis was explained and discussed by (Crossman, 1994).
The necessity of using replicability and generalizability analyses was argued. (Crossman,
1994) suggested that cross-validation procedures should be used to examine the
replicability of results obtained by canonical analyses and should be implemented to
augment interpretation. These analyses were illustrated using a heuristic data set, involved
480 subjects participating in a research project investigating sexual aggression and date
rape. The objectives of the study were to discover what types of personality and sociocultural factors predicted involvement in sexually aggressive behavior. The 13 predictor
variables consisted of personality and socio-cultural factors and four criterion variables
assessed varying degrees of sexual aggression.

The paper of (Taylor, 1992) explains an invariance procedure to establish the
external validity or generalizability of statistical results. The paper presents a double crossvalidation of the weights in a canonical correlation analysis to test for invariance in a study
of university leadership with 105 subjects. The study indicated that the results of this study
are very likely to replicate in future studies.

(Thompson, 1989) employed Monte Carlo methods to evaluate the degree to which
canonical function and structure coefficients may be differentially sensitive to sampling
error. Variations in variable and sample sizes and variations in average within-set
correlation sizes and in across-set population correlation sizes, were investigated for
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sampling error influences by sixty-four different research situations, for each situation
1,000 random samples were drawn. Results suggest that both sets of coefficients are
roughly equally influenced by sampling error, except perhaps when some intra domain
correlation coefficients are quite large. Thus, the case for emphasizing interpretation of
structure coefficients must be made on a psychometric basis, rather than on the grounds
that structure coefficients are less sensitive to sampling error influences.

In (Thompson, 1987) paper, the logic underlying the basic calculations employed in
CCA has briefly explained, and three common fallacious interpretation practices that may
lead to incorrect conclusions based on canonical results were described. The three practices
are: (a) interpreting structure coefficients while ignoring function coefficients; (b)
interpreting redundancy coefficients; and (c) failing to employ commonality analysis. A
small hypothetical data set was employed to make the discussion concrete. When
researchers are aware of these pitfalls, canonical correlation analysis can be a powerful
analytic method that may be the best technique in a complex situation.

2.3

ON THE APPLICATIONS

OF

CCA IN SOCIAL SCIENCE

(Chew & Dillon, 2014) used CCA in investigating the relationship between statistics
anxiety and the big five personality factors between psychology undergraduates students
enrolled in one of three statistics courses, introductory, intermediate and advance statistics,
at James Cook University, Singapore. Results showed that Neuroticism was positively
correlated with Worth of Statistics, Fear of Asking for Help, and Fear of Statistics
Teachers, whereas Openness to Experience and Agreeableness was negatively correlated
with those three variables. Extraversion was positively correlated with Interpretation
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Anxiety, Test and Class Anxiety, and Fear of Asking for Help. Conscientiousness was not
correlated with statistics anxiety.

(Shahram, 2011) used CCA to conduct a model for academic procrastination and
learning strategies as predictor variables and statistics anxiety as explained variables .The
sample consist of 246 undergraduate female students from different human science
colleges who were enrolled in entry-level statistic courses from a Tabriz University in Iran.
Three instruments were used for data collection, namely, Statistics Anxiety Measure (43
items) which comprises five discrete subscales: anxiety, performance, and attitude towards
class, attitude towards math, and fearful behavior, and Procrastination Assessment Scale–
Students (27 items) which include preparing homework, preparing for Test and preparing
term papers, and the (31 items) of learning strategies subscales from the Motivated
Strategies for learning Questionnaire. The results showed that the significant explained
variables are based on a combination of five subscale of statistics anxiety. The significant
predictor variables are based on a combination of four individual characteristics of
preparing homework, preparing for test metacognitive self-regulation and source
management. Implications for statistics anxiety reduction as a procrastination intervention
were discussed.

The study of (Alawneh & Balawi, 2010) aimed to detect the preferred learning
styles and dominant multiple intelligences of Yarmouk University, Jordan, students and
their relationships. CCA was used to explore the relationships between six learning styles
(Visual, Tactual, Auditory, Group, Kinesthetic and Individual) and nine intelligences
(Natural, Musical Mathematical – Logical, Intrapersonal, Bodily- Kinesthetic, Existential,
Interpersonal, Linguistic and Spatial). A sample of 840 male and female students
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representing university levels and faculties was chosen for this purpose. Analysis of
Canonical Correlations revealed a statistically significant relationship between the learning
styles and multiple intelligences, which reinforces the view of some researchers, who
considered that the two concepts do not differ much from each other.

In (Eksi, 2010) study, CCA was used to investigate the relationship between coping
and personality traits. A sample of 237 students (53.2 % male) who were enrolled in
classes at Marmara University in Istanbul, Turkey, were participated in this study. The
participants responded to the Ways of Coping with Stress Scale (WCSS) which consists of
(30 items) and five subscales, and the NEO Five Factor Inventory (NEO-FFI) which
consists of (60 items) and five scales. The analysis showed that students with high
conscientiousness level tend to use more self-confident, optimistic, and turning to religion
coping strategies, and students with high extraversion level, tend to use self-confident and
seeking of social support strategies in stressful situations.

The (Orozco, 2010) study has four goals, one of them was to explore the
relationship between sixteen scales on the Workplace Personality Inventory (WPI) and the
Big Five Personality Factors as measured by the NEO-FFI. Correlation analyses includes
Pearson product moment correlations and CCA were used to achieve this goal. A
convenience sample was obtained of 101 adults, ages 18 and older. Two instruments were
used for this goal, the NEO-FFI (60 items within five factors), and the WPI ( sixteen workrelated personality traits within seven domains). Four significant canonical functions were
elicited from the data. The first dimension was primary about Extraversion on the NEOFFI and both Social Orientation and Stress Tolerance on the WPI, those who are more
inclined to work with others, also have a greater tolerance for stress in the workplace. The
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second dimension indicated that Conscientiousness on the NEO-FFI and Dependability on
the WPI were highly correlated, so persons who are responsible and trustworthy are also
dependable. From the third canonical dimension it can be suggested that those higher on
Neuroticism have lower scores on both Self-Control and Analytical Thinking. From the
last dimension it appears that persons who are innovative and take initiative tend to be less
cooperative and agreeable.

(Huang & Lin, 2010) used CCA to achieve one of two goals, to explore the
relationship between life stress and learning burnout. The sample consists of 3,247
participants of college students in Taiwan. The Learning Burnout Scale (19 items with four
aspects), low sense of achievement, interpersonal alienation, negative learning emotion,
and emotional exhaustion. And The Life Stress Scale (29 items with 6 aspects), academic
stress, interpersonal stress, family stress, emotional stress, future development stress, and
self-identity stress, were used as assessment instruments for the study. CCA showed a
significant correlation between life stress and learning burnout and the higher the life stress
the student experiences, the higher the degree of their learning burnout

(Li, 2008) study had two goals, a theoretical goal; to develop a “model of bullying
and other school violence” based on previous research studies, and an empirical goal; to
test the relationships hypothesized in the proposed model. The model depicts five major
components (social variables, physical variables, student affective variables, student
curricular and extracurricular involvement and school violence). Canonical correlation and
regression (when there is only one dependent variable) procedures were used for the data
analysis. Data used in this study was from the secondary Midwestern School District
Protective and Risk Survey. Results of the analysis validate the model. All the
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hypothesized inter-relationships among the variables are confirmed by the correlation and
regression procedures. Particularly social and affective variables are demonstrated to be
especially strong links with school violence including bullying. This suggests that it's
needed to focus on social and affective issues rather than largely unchangeable physical
factors.

(Ismail & Cheng, 2005) aimed to investigate the effects of school inputs,
environmental inputs and gender influence in the production of a joint educational
production function in mathematics and science subjects for eighth grade students in
Malaysia. The sample, which is from the Third International Mathematics and Science
Study – Repeated (TIMSS-R ) carried out in 1999, contains data from 131 schools and
4,854 students are used for this study. School inputs was represented by four variables: per
pupil non-teaching expenditure, pupil teacher ratio, teaching experience and instructional
hours. Environmental inputs consist of only two variables: home educational resources
index and an out-of school study time index. CCA results showed significant effects of
home educational resources on the Malaysian school’s mathematics and science
achievement, and pupil teacher ratio appears to be the most productive input among the
educational inputs considered. Finally, it found that instructional hours can be used to
balance the low level of out-of-school study time.

The study of (Collins & Onwuegbuzie, 2000) measured the relationship between
academic achievement in a research method course and critical thinking skills. 103
graduate students (88.3% female) from various disciplines enrolled in six sections of an
introductory-level educational research course, and in master's degree programs, at a
Southeastern University, USA, were participated in this study. On the first day of class
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before any lecturing had begun, students were administered the California Critical
Thinking Skills Test (CCTST) which is a 34-item, 4-option multiple-choice test that assess
core critical thinking skills regarded to be essential elements in a college education. This
instrument yields six scores: an overall score of one's critical thinking skills and five
subscale scores (analysis, evaluation, inference, deductive reasoning, and inductive
reasoning), The first three subscales were used in the investigation. Conceptual knowledge
(students' knowledge of research concepts, methodologies, and applications) was measured
via comprehensive written midterm and final examinations. The strength of the
relationship between achievement scores and scores on three subscales of CCTST was
assessed by examining the magnitude of the canonical correlation coefficients, both
achievement scores simultaneously were related to the analysis, evaluation, and inference
components of critical thinking, but the causal nature of the relationship between critical
thinking skills and research methodology achievement is not clear.

2.4

THE BIG-FIVE FACTORS OF PERSONALITY AND FUTURE ANXIETY AMONG
PALESTINIAN STUDENTS

(Jaber, 2012) explored the Big-Five factors of personality and the level of future
anxiety among university students in Gaza Strip, and identified the relationships between
them, furthermore, he determined differences in the big five factors of personality and
future anxiety with respect to some socio-economic variables including; gender, university,
college, family size, economical status and educational level of parents. Conscientiousness
had the highest percentage among the five big factors of personality, while Neuroticism
had the lowest percentage. There was a medium level of future anxiety, where the highest
percentage was in economical domain and the lowest was in general anxiety. The results
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show that there was a positive relationship between future anxiety and Neuroticism while
the relationship was negative between future anxiety and the other four factors of
personality: Extraversion, Agreeableness, Conscientiousness, and Openness to Experience.

(Jaber, 2012) studied the relationship between the big five factors of personality
and future anxiety; using Pearson product-moment correlation coefficient, and determined
differences in those two variables with respect to the socio-economic variables, using t-test
and one-way ANOVA, and the simultaneous relationship was not explored. In this study,
we focus on the simultaneous relationship between the big five factors of personality and
future anxiety, and try to determine what personality factors and future anxiety domains
are basically correlates.

2.5

SUMMARY

From the preceding studies we can conclude that, although CCA is not a widely
used multivariate method, it is a suitable technique to deal with the complicated nature of
variables in social and behavioral sciences, and it is recommended to be used to explore
relationships in such studies.
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CHAPTER III
3

3.1

CANONICAL CORRELATION ANALYSIS (CCA)

INTRODUCTION

In this chapter we will have a deeper look into the CCA method. General purposes
of the method, definitions of the basic terms and the theoretical foundations will be
presented. The essential assumptions that are needed to perform CCA, conditions on
sample size and reliability, and how to deal with missing data and outliers, will be
explored. Tests of significance of the canonical correlations will be discussed. Finally, a
Cross-validation method to evaluate the CCA results will be introduced.

3.2

GENERAL PURPOSE AND DESCRIPTION

CCA can be considered as a generalization of multiple correlation used in multiple
regression; which is the correlation between one dependent variable Y and several
independent variables X's, in fact CCA represents the highest level of the General Linear
Model (GLM), where (Kimbell, 2001) illustrated that CCA can be used to implement all
the parametric tests that canonical methods subsume as special cases.

The main goal of CCA is to identify and analyze the relationships between two sets
of multivariate variables measured on the same sampling units. It focuses on the
correlation between two new "synthetic" variables, the first one is a linear combination of
the variables of the first set, and the other one is a linear combination of the variables of
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the second set. The elements of a covariance matrix between pairs of variables from the
two sets, measures the association between these two sets, if one set of p variables, and the
other of q variables, this matrix has a pq covariance's, CCA summarizes the associations
between the variables in the two sets in a few correlations, rather than this pq covariance
matrix. (Tabashnick & Fidell, 1989; Johnson & Wichern, 1988)

( Hair, et al., 1998) addressed the following objectives for CCA:
•

Determining the magnitude of the relationships between two sets of variables
measured on the same object, which may exist between the two sets.

•

Deriving a set of linear combinations for each set of variables that are
maximally correlated.

•

3.3

Explaining the nature relationships exist between the sets of variables

DEFINITIONS



let X  x1 , x P  and Y  y1 ,, yQ
'



'

be two column vectors of random variables,

 
where  X ,Y  follow multivariate normal distribution, with mean vector    X  and
 Y 

variance matix    XX
  YX

 XY 
.
 YY 
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let U  ' X

and V   ' Y

denote linear combinations of X and Y variables

respectively, where  and  are P  1 and Q  1 vectors, respectively, then the
correlation coefficient between U and V is obtained by:

  corr( U ,V ) 

 UV
,
 UU  VV

'
'
'
where  UV    XY  ,  UU    XX  and  VV    YY  . Under the scale constraint

 UU   VV  1 then    UV  '  XY  ; we define the following:

Definition 3.1: (Marden, 2013)
Coefficient Vectors are a set of vectors  i( P1 ) and  i( Q1 ) for i  1, , M , where
M  min( P, Q) , such that :



1 ,1  is any  ,  that maximizes '  XY 



 2 , 2  is any  ,  that maximizes '  XY  over '  XX 1  '  YY 1  0



 M , M  is any  ,   that maximizes '  XY  over '  XX i  '  YY i  0 ,
i  1,, M  1 .

If the data was standardized, the coefficient vectors are called canonical weights.

Definition 3.2: (Johnson & Wichern, 1988)
Canonical Variates are the linear combinations U i  i ' X and V  i ' Y for
i  1, , M , where M  min( P, Q) and  i and  i are coefficient vectors. Canonical
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variates, also referred to as linear composites, linear compounds, and linear
combinations.

The canonical variates have the following properties:



var(U i )  var(Vi )  1,



cov( U i ,U j )  corr( U i ,U j )  0, i  j ,



cov( Vi ,V j )  corr( Vi ,V j )  0, i  j ,



cov( U i ,V j )  corr( U i ,V j )  0, i  j , for i , j  1, , M .

Definition 3.3: (Johnson & Wichern, 1988)
Canonical Function is a pair of canonical variates

(U i ,Vi ) . There is

M  min( P, Q) functions, each one is orthogonal to every other function.

Definition 3.4: (Johnson & Wichern, 1988)
'
The first canonical correlation, 1  1  XY 1 is the first canonical correlation

between X and Y, where 0   1  1 .

In general, the ith canonical correlation, i   i'  XY i is the ith canonical
correlation between X and Y for i  1,..., M , M  min( P, Q) , and 1  2     M .
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Definition 3.5: (Thompson, 1989)
Canonical Scores are calculated by applying the canonical weights in each
variate to the standardized variables of their corresponding set, for each case, yields a
"latent" canonical composite variable. The scores are also called synthetic scores or
composite scores.

3.4

SAMPLE CANONICAL CORRELATIONS AND CANONICAL VARIATES

The canonical correlations can be obtained from either the partitioned covariance
matrix Σ , or the partitioned correlation matrix R .

For a random sample of n observations on each of X  ( x1 ,, x p )' and

Y  ( y1 ,, y q )' , the sample covariance matrix S and sample correlation matrix R will be
used, in the following, the sample correlations, coefficient vectors and canonical variates,
will be denoted by ( r1 ,,rm ) , (ai , bi ) and (ui , vi ) , respectively, where m  min( p, q) .

3.4.1 THE SAMPLE COVARIANCE MATRIX

 S yy
The sample covariance matrix can be partitioned as S  
 S xy

S yx 
 where S yy is
S xx 

the ( q  q ) sample covariance matrix of the y's, S yx is the ( p  q ) sample covariance
matrix between the y's and the x's, and S xx is the ( p  p ) sample covariance matrix of the
x's.
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The sample canonical correlations; r1 ,, rm ; are the square roots of the eigenvalues
of S yy1 S yx S xx1 S xy , and can be obtained from either of the characteristic equations, with same
nonzero eigenvalues:

| S xx1 S xy S yy1 S yx  r 2 I | 0 ,

(1.1)

| S yy1 S yx S xx1 S xy  r 2 I | 0 ,

(1.2)

where m  min( p, q) is the rank of the matrix S xx1S xy S yy1S yx or S yy1 S yx S xx1 S xy , so there are m
values of nonzero eigenvalues and the remaining eigenvalues are equal to zero, thus we
have m canonical correlations r1 ,, rm corresponding to m pairs of canonical variates ui
and vi .

The coefficient vectors a i and bi in the canonical variates ui  ai ' X and
vi  bi ' Y are the eigenvectors of these two matrices:

( S xx1 S xy S yy1 S yx  r 2 I )a  0 ,

(1.3)

( S yy1 S yx S xx1 S xy  r 2 I )b  0 ,

(1.4)

The matrices S xx1S xy S yy1S yx and S yy1 S yx S xx1 S xy are in general not symmetric, and most
of the algorithms for computing eigenvalues and eigenvectors need symmetric matrices,
so instead; we can use the two symmetric matrices
1
2
xx


1
yy

S S xy S S yx S
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1
2
xx


,

and

1
2
yy


1
xx

S S yx S S xy S

1
2
yy


,

that have the same eigenvalues as (1.1) and (1.2), and eigenvectors ei , f i . The coefficient


1



1

vectors ai and bi in this case equals ei S xx2 and f i S yy2 respectively.(Rencher, 2002; Johnson
& Wichern, 1988)

3.4.2 THE SAMPLE CORRELATION MATRIX

 R yy
The sample correlation matrix can be partitioned as R  
 R xy

R yx 
 where R yy is
R xx 

the ( q  q ) sample correlation matrix of the y's , R yx is the ( q  p ) correlation matrix
between the y's and the x's, and R yx is the ( p  p ) correlation matrix of the x's.

The sample canonical correlations, r1 ,, rm , can be obtained from either of the
characteristic equations:

| Rxx1 Rxy R yy1 R yx  r 2 I | 0 ,

(1.5)

| R yy1 Rxy Rxx1 Rxy  r 2 I | 0 ,

(1.6)

2
2
which have the same eigenvalues r1 ,, rm as (1.1) and (1.2).

The eigenvectors of these two matrices c and d can be obtained from solving the
following two equations:
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( Rxx1 Rxy R yy1 R yx  r 2 I )c  0 ,

(1.7)

( R yy1 R yx Rxx1 Rxy  r 2 I )d  0 ,

(1.8)

and they are different than the eigenvectors a and b in (1.3) and (1.4), the relationship
between

these

two

pairs

of

eigenvectors

is

c  Dx a

and

d  D y b , where

Dx  diag s x1 ,,s xp  and D y  diag s y1 ,,s yq  .

The eigenvectors c and d in (1.7) and (1.8) are called standardized coefficient
vectors.
(Rencher, 2002; Jobson, 1992)

3.5

GEOMETRICAL INTERPRETATION OF THE CCA

From (Johnson & Wichern, 1988), the linear combinations ui  ai ' X and vi  bi ' y
can be expressed as a transformation from X  ( x1 ,..., x p )' to U  ( u1 ,...,um )' and from

Y  ( y1 ,..., y q )' to V  ( v1 ,...,vm )' , m  min( p ,q ) .

If A  ( a1 ,...,am )'

are the coefficient vectors and C  ( c1 ,...,cm )' are the

standardized coefficient vectors, then
U  CX and Cov( U )  C XX C'  I ,



1

where C  A'  XX2 and  XX  Px x Px ' , Px  e1 ,,e p

 the eigenvectors for the matrix

 XX , and x is the diagonal matrix of the corresponding eigenvalues, then
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U  A

1
2
XX

1
2

1
2

X  APx x Px  X  APx  Px X

but Px ' X is a set of principal components derived from X, and the ith row of the matrix
1

x 2 Px X is the ith principal components scaled to have variance 1.

(Johnson & Wichern, 1988) summarizes these transformations for the X variables:
First a transformation of X to uncorrelated principal components, then an orthogonal
rotation Px determined by  XX , and finally a rotation A'

determined

from the full

covariance matrix  . The same interpretation stratify on V  DY .

3.6

SOME PROPERTIES OF CCA

(Rencher, 2002, p. 366) has mentioned two basic properties of canonical
correlations:
1. "Canonical correlations are invariant to changes of scale on either the y’s or the
x’s."
2. "The first canonical correlation r1 is the maximum correlation between linear
functions of y and x. Therefore, r1 exceeds (the absolute value of) the simple
correlation between any y and any x or the multiple correlation between any y and
all the x’s or between any x and all the y’s."

Rotation is not suitable in CCA, and it is a method can be applied on the canonical
variate coefficients to improve their interpretability, it increases the number of high and
low coefficients and reduces the number of intermediate ones (Rencher, 2002). This
method is used in factor analysis to obtain easier interpretation (Johnson, 1998). In CCA
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rotation can distort the fundamental logic of the method, and that occur because of two
reasons, first rotation destroys the properties that were used to define the canonical
correlations, the other reason; rotation can lead to correlations among the canonical
variates (Rencher, 2002; Johnson & Wichern, 1988).

3.7

ASSUMPTIONS OF THE CCA

CCA has some essential assumptions that should be tested. Even though some
assumptions are not strictly required, interpretability of canonical solutions is improved if
they are hold. ( Hair, et al., 1998)

3.7.1 NORMALITY

Normality is not strictly required but it is highly recommended. CCA can
accommodate non normal variables, as pointed by ( Hair, et al., 1998) pointed, normality
allows for the highest correlation among the variables, and is required for the statistical
inference test of the significance of each canonical function, so it is recommended that all
variables be evaluated for normality and transformed if possible.

According to (Tabashnick & Fidell, 1989), normality can be examined either by
checking the normality and independency of the residuals, or by examining the
distributions of the variables themselves, which assessed by either statistical method
(examine the skewness and kurtosis), or graphical methods ( frequency histograms,
boxplots, normal probability plots, etc.).
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(Rencher, 2002) mentioned a method to detect multivariate normality based on the
standardized distance - Mahalanobis distance, D2 - which is a multidimensional version of


a z-score, and it is obtained by D 2   yi  y  S 1  yi  y  , where y i ; i  1, , n , present a
random vector of p variables measured on a sampling unit, y is the sample mean vector of
those n observation vectors, and S is their covariance matrix .

2
2
If the yi ' s are multivariate normal, then the quantity wi  nDi /( n  1 ) has a beta

1 1

distribution,   p , n  p  1 . Then a Q–Q plot is obtained between the ranked values
2 2


of wi and a calculated quantiles of the beta distribution, ti , nonlinear pattern in the plot
would indicate a departure from normality.

3.7.2 LINEARITY

Linearity is an important assumption for CCA for two reasons, the first, CCA is
performed on correlation or variance-covariance matrices, and these matrices are so
sensitive to linear relationships, and it will not capture relations on higher orders, so if the
relations are not linear then variables should be transformed. The second; CCA maximizes
the linear correlation between the variates, CCA will not capture the relationship, if the
variates relate in a nonlinear manner. So if the relationship is nonlinear, then one or both
variates should be transformed, if possible. ( Hair, et al., 1998)
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Four common transformations to induce linearity are: the logarithmic
transformation, the square root transformation, the inverse transformation and the square
transformation. (Tabashnick & Fidell, 1989)

3.7.3 HOMOSCEDASTICITY

Homoscedasticity (homogeneity of variance) in relationships among pairs of
variables is important for CCA. If the opposite, i.e. when the variance of one variable is
not the same at all levels of the other variable, it will decrease the correlation between
variables and relationships will not fully captured. ( Hair, et al., 1998)

Homoscedasticity is related to the assumption of normality, if multivariate
normality is satisfied, then homoscedasticity between variables is met. It can be checked
for all pairs of variables; within and between sets; using bivariate scatterplots, if the overall
shapes do not curve and are about the same width all over; then the relationships are
homoscedastic. (Tabashnick & Fidell, 1989)

3.7.4 MULTICOLLINEARITY AND SINGULARITY

Multicollinearity is a problem when the variables are very highly correlated (0.9 or
greater) (Tabashnick & Fidell, 1989), when the variables are perfectly correlated it's
singularity, the high correlations between variables leads to redundant information will
confound the analysis and the ability of the CCA on interpretation. Multicollinearity and
singularity effects matrix inversion; which is essential to CCA, where singularity prohibits
it, and multicollinearity causes instability. (Tabashnick & Fidell, 1989)
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Either bivariate or multivariate correlations can create multicollinearity or
singularity. With bivariate case, multicollinearity and singularity among either variable sets
can be tested by correlation matrix, if there is high or perfect correlations; deletion of one
of the highly correlated variables will solve the problem, or by variance inflation factor
(VIF), for the k th predictor as given below
VIFk 

1
1  Rk2

where Rk2 is the is the coefficient of determination obtained by regressing the k th
predictor on the remaining predictors. if VIFk >4 then there is a multicollinearity problem.
Alternatively, with multivariate correlation, high or perfect squared multiple correlations
among the variables, or VIFk >4 , where each variable in turn serves as dependent variable
while the others are independent variables, identifies multicollinearity or singularity.
(Tabashnick & Fidell, 1989; Garson, 2012)

3.7.5 THEORETICAL LIMITATIONS

(Tabashnick & Fidell, 1989) discussed some theoretical limitations for CCA due to
its algorithm, the most critical limitations is interpretability, they denoted that the
maximization of the correlation do not necessary maximizes the interpretation of pairs
canonical variates. They also pointed out that if the relation between the two sets of
variables is curvilinear; CCA misses some or most of the interpretability, so we should be
sure from the linear relationship. Finally they indicated that in CCA any change in the
variables of one set can be change the canonical variates in the other set.
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3.8

SAMPLE SIZE AND RELIABILITY

The appropriate sample size is related to the reliability of the variables. For social
science, reliability is generally expected to be around 0.8 out of one, to avoid the tendency
to result in statistical significance in all instances, which occur when sample is very large,
or the non-representative that occur when sample is too small; at least 10 observations per
independent variable is recommended. ( Hair, et al., 1998; Tabashnick & Fidell, 1989)

Typical methods to estimate test reliability in behavioral research are reviewed by
(Drost, 2011):


Test-retest reliability: Refers to the temporal stability of a test from one
measurement session to another. Reliability is estimated with correlations
between the scores at Time 1 and those at Time 2.



Alternative forms: Different measures of a behavior are collected at different
times. Reliability is estimated with correlations between the alternative forms.



Inter-rater reliability: Refers to the consistency with which observers or raters
make judgments. Reliability is determined by dividing number of agreements
on number of opportunities for agreement and multiplying by 100.



Internal consistency: The most popular method of testing for internal
consistency in the behavioral sciences is:

o Split-half reliability index: Half of the items on the measure are
combined to form one new measure, and the other half is combined to
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form the second new measure, administering the two forms to the same
group of individuals and correlating the responses.
o Coefficient Cronbach alpha (Cronbach, 1951): It represents the average
of all possible split-half estimates. It is used during scale development
with items that have several response options

3.9

MISSING DATA AND OUTLIERS

According to ( Hair, et al., 1998) and (Tabashnick & Fidell, 1989), CCA is very
sensitive for minor changes in any of the two data sets, so missing data and outliers and the
way they are treated, would made a big changes in the results.

Dealing with missing data depends on their pattern. If missing values are randomly
scattered through the data matrix, it can be deleted. If missing values are concentrated in a
few variables that not so important to the analysis, or highly correlated with another
variables, complete variables can be dropped. If deletion of missing values could make a
distortions of the sample, then it should be estimated by one of three methods; using prior
knowledge, inserting mean values, and using regression (Tabashnick & Fidell, 1989).

Outlier is "An observation that appears to deviate markedly from the other members
of the sample in which it occurs" (Everitt, 2002, p. 274). Both univariate and multivariate
outliers on both sets should be checked separately. Univariate outliers are cases with an
extreme value on one variable, it can be checked statistically by standardized scores on one
or more variable, cases with standardized scores bigger than 3 or smaller than -3, are
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potential outliers. And it can be checked graphically using histograms, box plots, and
normal probability plots (Tabashnick & Fidell, 1989).

Multivariate outliers are cases that have an unusual pattern of scores, a multivariate
outlier may reflect slippage in mean, variance, or correlation (Rencher, 2002), it can be
detected by computing Mahalanobis distance, D2, for each case. Mahalanobis distance is
evaluated as 2 with degrees of freedom equal the number of variables. A case is a
multivariate outlier if the probability associated with its D2 is 0.001 or less. (Tabashnick &
Fidell, 1989)

To reduce outliers influence there are several strategies, first outliers should be
checked why they are an outlier, if the cases are not part of the population, they are
deleted, if the cases are part of the population, then variables can be transformed; so the
distribution is more nearly normal, or scores can be changed so that they are deviant, but
not as deviant as they were. (Tabashnick & Fidell, 1989)

3.10

TESTS OF SIGNIFICANCE

If all of the canonical correlations equals zero, then ∑

and

∑

,

which means that there is no point in carry out with CCA.

The hypothesis of independence, H0 : ∑

, is equivalent to the hypothesis that

there is no relationship between the Y’s and the X’s, which equivalent to the hypotheses
that none of the canonical correlations are significantly different from zero.
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If the null hypotheses H 0 :  XY  0 is rejected, which means that at least r1  0 ,
we examine the significance of the remaining canonical correlations one by one. Since the
canonical correlations are ordered from the largest to the smallest, then we can assume
that r1  0 the rest of the ri ' s equals zero. If the hypothesis is rejected we assume the first
two canonical correlations are nonzero and the remaining ri ' s equals zero, and so on.

Under the assumption that the X's and Y's are multivariate normal, several kinds of
tests of significance of the canonical correlations can be performed, as described in the
following subsections.

3.10.1 WILKS’ TEST STATISTIC

Wilks' Lambda, also known as the maximum likelihood criterion or U statistic, it is
a probability distribution used in analysis of variance to test the null hypothesis that the
group means are all equal. The distribution is well presented in (Pillai & Gupta, 1968).

In CCA the likelihood ratio test of

H 0 :  XY  0 versus H1 :  XY  0 can be

expressible in terms of the squared canonical correlations by Wilk's Lambda:

1   im1 1  ri2 ,

(Rencher, 2002)

where 0    1 , and m  min( p , q ) , and p and q are the number of variables in X and Y.
1 is distributed as  p ,q ,n 1q , where n is the sample size. We reject H0 if 1   , i.e. for

small values, where α is the significance level.
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For large n, we can use the χ2-approximation, where



 2   n 

1
 p  q  3 ln 1 ,
2


(Rencher, 2002)

which is approximately distributed as χ2 with pq degrees of freedom. We reject H0
2
2
if    , where  is the significance level.

If the first hypotheses is rejected we conclude that at least r1 is significantly
different from zero, we then test the significance of r2 ,...,rm , so we delete r12 from 1 and





m
2
compute 2   i 2 1  ri which is approximately distributed as χ2- approximation:




 2   n 

1
 p  q  3 ln 2 ,
2


with  p  1q  1 degrees of freedom. If this test rejects the hypothesis, we conclude that
at least r2 is significantly different from zero. We can continue testing each ri until a test
fails to reject the hypothesis.

At



 2   n 

the

kth

step

we

1
 p  q  3 ln k with
2


compute

k   imk 1  ri2 

and

now

 p  k  1q  k  1 degrees of freedom.

An alternative large sample approximation of Wilk's lambda distribution is the Fapproximation:
1

1  kt df 1
F
, k  1,,m ,
1
df
2
t

k
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(Rencher, 2002)

which have an approximate F-distribution with df1 and df 2 degrees of freedom, where
df 1  ( p  k  1 )( q  k  1 ) ,

1
w  n  ( p  q  3) , t 
2

1
df 2  wt  ( p  k  1 )( q  k  1 )  1
2

and

 p  k  12 q  k  12  4 ,
 p  k  12 q  k  12  5

we reject H0 if F  F , where  is the significance level (Rencher, 2002; Jobson, 1992).

3.10.2 PILLAI’S , LAWLEY–H OTELLING AND ROY’S TEST STATISTIC

To test the significance of canonical correlations r1 , ,rm , m  min( p , q ) , three
other multivariate test statistics can be used, for H 0 :  XY  0 versus H1 :  XY  0 :



Pillai’s test statistic:
m

V m   ri 2 ,

(Rencher, 2002).

i 1

m
m
m
We reject H0 for V  V , where V is the upper percentage point at the

significance level α, which are given in tables indexed by m  min( p , q ) ,

s



1
 q  p  1 , N  1 n  q  p  2 , (Rencher, 2002).
2
2

Lawley–Hotelling statistic:

ri 2
,
2
i 1 1  ri
m

U(m)  
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(Rencher, 2002).

We reject H0 for large values of the test statistic. Tables gives the upper
percentage points for

vE ( m )
U entered by p, v H  q , v E  n  q  1 . (Rencher,
vH

2002)



Roy’s largest root statistic:

  r12 ,

(Rencher, 2002),

We reject H0 if    ,m ,s ,N , the upper percentage points  ,m ,s ,N at 
level of significant are found in tables where,

s

m  min( p , q ) ,

1
 q  p  1 , N  1 n  q  p  2 , (Rencher, 2002).
2
2

For parameter values not included in the corresponding table, the three previous
tests have F-approximations, and it's routinely calculated in many software packages, but
for Roy's test it's not a valid approximation (Rencher, 2002; Marden, 2013).

3.11

CROSS -VALIDATION

Since statistical significance dose not confirm the generalizability of study results,
and in order to guarantee the validity of the canonical solution, CCA should be subjected to
validation methods, to ensure that the results are specific not only to the sample data but
can be generalized to the population ( Hair, et al., 1998; Taylor, 1992)
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Cross-Validation is one of several approaches in Invariance analysis, that is used to
establish confidence in the replicability of research findings. Invariance is part of the
overall result a researcher hopes to report from a study (Taylor, 1992)

Cross-Validation (CV), "is the division of data into two approximately equal sized
subsets, one of which is used to estimate the parameters in some model of interest, and the
second is used to assess whether the model with these parameter values fits adequately"
(Everitt, 2002, p. 102).

There are many forms of CV, the basic form is K-fold CV. In this form data is first
partitioned into K equally (or nearly equally) sized subsamples, of the K subsamples, a
single subsample is retained as the validation data for testing the model, and the remaining
K−1 subsamples are used as training data.

Other forms of CV are special cases of K-fold CV, such as: Leave-One-Out were
all the data except for a single observation are used to train the model, and the single
observation tested it. Hold-Out CV were data split into two subsamples. Furthermore,
involving repeated rounds of K-fold CV, like Repeated K-fold CV, were K-fold CV is
running multiple times (Kohavi, 1995).

Double cross-validation (DCV), is another form of CV, in this procedure the
sample divided into two un-equal subsamples, the model is estimated from the first
subsample and validated by the second one, then the calculation are repeated using the
second subsample to estimate the model and the first one to validate it (Crossman, 1994).
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A DVC for CCA validation was introduced by (Fish, 1986), and it was summarized
by (Taylor, 1992), in the following steps:


Split the sample randomly into two unequal subgroups.



Perform a separate CCA on each subgroup.



Compute the canonical scores for each subgroup.



Drive new predictor and criterion canonical scores for the first group from
standardized function coefficients of the second group.



Drive new predictor and criterion canonical scores for the first group from
standardized function coefficients of the second group.



Correlate the canonical scores, four correlation coefficients to be computed.



Compare the results and drive an invariance estimate.

3.12 SUMMARY

This chapter has focused on the concept of the CCA, it has been shown that the
general purpose of the CCA is exploring the relation‐ships among two sets of multivariate
variables measured on the same sampling units. Definitions of the basic terms like
canonical correlations and canonical variates was introduced. The partitioned covariance
matrix  , and the partitioned correlation matrix R , were used to drive the canonical
correlations and canonical variates, the two ways yield same canonical correlations, but
different canonical variates. Geometrical interpretation was introduced.

The essential assumptions for CCA was explored, the assumptions include
linearity, normality, homoscedasticity, and multicollinearity. Linearity is the most
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important assumption, if relations between variables are nonlinear, then transformations for
one or more variable are necessary. At least 10 observations per independent variable is
recommended, missing values and outliers should be avoided.

Four tests of statistical significance were represented, namely, Wilks's, Hotelling's,
Pillai's and Roy's tests. Finally, a double cross-validation method to evaluate the CCA
solution was discussed.
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CHAPTER IV
4 INTERPRETATION OF CCA RESULTS

4.1

INTRODUCTION

The CCA "has the reputation of being the most difficult multivariate technique to
interpret, in many respects it is a well-earned reputation" (Everitt, 2005, p. 167).

There is no assent among researchers on what coefficient should be used in
interpreting canonical correlations and canonical variates, for example, (Rencher, 2002)
and (Everitt, 2005); used only the standardized coefficients in their interpretations, while
(Sherry & Henson, 2005) assumed that standardized coefficients and "structure
coefficients" are necessary for understanding variable importance in a CCA, (Tabashnick
& Fidell, 1989) used the "canonical loadings (structure coefficients)" in "loading
matrices", "overlap variances", and "redundancy" to interpret the canonical variates,
(Alexander, 2000) presented and interpreted seven different coefficients that were created
as a result of CCA, finally, ( Hair, et al., 1998) recommended not to interpret the
standardized coefficients or structure coefficients, and depend only on "canonical crossloadings".

In the following sections, the interpretation of canonical correlations and the
different kinds of coefficient will be presented.
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4.2

CANONICAL CORRELATIONS

The canonical correlations,

's, or the canonical correlation coefficients, express

the association between the two sets of variables, testing significance of canonical
correlation is the first step to decide the number of reliable canonical variates pairs. Pairs
that are associated to the significant canonical correlations are the ones that could be
interpreted (Tabashnick & Fidell, 1989). Moreover, (Johnson & Wichern, 1988) showed
that canonical correlations are the multiple correlation coefficients of ui=ai'X with Y, or
the multiple correlation coefficients of
correlation,

vi=bi'Y with X. So the squared canonical

, is the proportion of the variance of vi explained by the set X, and it is the

proportion of the variance of ui explained by the set Y, and it is often called the "shared
variance" between the two sets of variables, or the "canonical root" as indicated by (
Hair, et al., 1998) .

Since the statistical significance tests are impacted heavily by sample size,
researchers considered the practical significance of the canonical variates; which is
represented by the size and the magnitude of the canonical correlations, when deciding
which function to interpret, (Tabashnick & Fidell, 1989) suggest to ignore canonical
variates pairs that associated to canonical correlations values of 0.3 or lower, even if 0.3 is
significant, because the shared variance will be less than a 10% (or 0.32).

4.3

STANDARDIZED C OEFFICIENTS

(Everitt, 2005) pointed out that interpretation of canonical variates can be difficult,
because the original variables may have very different variances and covariances, which
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effects the coefficients sizes in the canonical variates. In addition, (Rencher, 2002)
mentioned that the coefficients in the canonical variates not only reflects contributions of
the variables to the canonical correlations, but also reflects differences in the scaling of the
variables. on the other hand, both (Everitt, 2005) and (Rencher, 2002) indicated that only
standardizes coefficients should interpreted.

Standardized coefficients, also called standardized weights or canonical weights or
function coefficients, are appropriate to find the contribution a single variable makes to the
explanatory power of the set of the variables to which the variables belongs (Alexander,
2000). Magnitude of the coefficients denotes this contribution; variables with relatively
larger weights contribute more to the variates and vice versa, and the signs denote the way
the variables are related, same sign exhibits direct relationship, and opposite signs exhibit
inverse relationship ( Hair, et al., 1998).

( Hair, et al., 1998) had some criticisms on the interpretation of standardized
coefficients, they claimed that a high degree of multicollinearity can be misleading in
interpreting, and instability of the coefficients from one sample to another, suggests
considerable caution in using standardized coefficients, even more (Thompson, 1987)
listed the interpretation of the standardized coefficient as one of three common fallacies in
interpretations. On the other hand, (Rencher, 2002), determined an advantage of
standardized coefficients, that they will be changed if some of the variables are deleted and
others are added, which is the desired behavior from the coefficients in a multivariate
setting.
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4.4

LOADING MATRICES

Loading matrices are matrices of simple correlations between the variables and their
respective canonical variates, these correlations called canonical loadings, or canonical
structure correlations, or

structure coefficients. Loading matrices are found by

multiplying the correlation matrix between variables by the matrix of their respective
canonical coefficient matrix. A variate is interpreted by considering the pattern of variables
which are highly correlated to it ( Hair, et al., 1998; Jobson, 1992; Tabashnick & Fidell,
1989).

Canonical loadings reflect the variance that each variable shared with the canonical
variates, this variance is expressed in three kinds of coefficients:

For the two column vector variables X ( p1 ) and Y( q1 ) and m  min( p , q ) , R xx and

R yy are the correlation matrices, A and B are the canonical coefficient matrices, then
Lx  Rxx A and Ly  R yy B are the loading matrices for X and Y, respectively, were l xin of

the loading matrix Lx( pm ) denotes the canonical loading for the ith variable in the nth
canonical variate, where i  1,, p and n  1,,m .
and l yjn of the loading matrix Ly ( qm ) , denotes the canonical loading for the jth variable in
the nth canonical variate , where j  1,,q and n  1,,m , then we define:
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1. The squared canonical loading (structure) coefficient, l 2 , which represents the
percentage of shared variance (overlapping variance) between the observed
variable and its respective canonical variate.

The communality coefficient, h 2 , which equals the sum of the squared canonical

2.

m

2
loadings for the variable across all canonical variate pairs. hxi2   l xin
and
n 1

m

2
. It represents the proportion of variance in each variable that is
h yj2   l yjn
n 1

explained by the canonical solution.

3. The adequacy coefficient, pv, which is the average of the squared canonical

loadings for all the variables in the set. pv xn




l2
i 1 xin
p




q

p

and pv yn

2
j 1 yjn

l

q

.

It represents the proportion of variance extracted from a set of variables by a
canonical variate of the set. It indicates how adequately the CCA represents the
total variance in the original variable set (Sherry & Henson, 2005; Alexander,
2000; Tabashnick & Fidell, 1989).

(Tabashnick & Fidell, 1989) recommended that variables with canonical loadings
lower than 0.3 should not be considered as part of the canonical variate, and should not be
interpreted.

There is no consensus in using canonical loadings and their related coefficients in
interpreting the canonical variates. (Tabashnick & Fidell, 1989) built their interpretation on
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these loadings related coefficients. ( Hair, et al., 1998) pointed out that these loadings are
susceptible to considerable variability from one sample to another, but much important is
the risk that this application is closer to univariate setting than to multivariate one, so
researchers must be caution in using these loadings for interpreting canonical relationships.
Also (Johnson & Wichern, 1988) demanded caution in interpreting these loadings, but they
stated that the canonical loadings can help supply meanings for the canonical correlations.
(Rencher, 2002) mentioned that these correlations are useless in interpretation.
(Thompson, 1989) highlighted the disagreements between researchers on using canonical
loadings in interpreting the CCA results, and advised using it, because it is vital for
interpretation.

4.5

CANONICAL CROSS -LOADINGS

Canonical cross loadings or index coefficient are the simple correlations between
the individual variables in one variable set with the canonical variate in the other variable
set. Each canonical cross-loading is equal to the product of the canonical correlation of the
canonical variate pair and the canonical loading of the corresponding variable.

xki : y  rk  l xik is the cross-loading for the ith variable in the kth variate of the x's
to the kth variate of the y's .

ykj : x  rk  l yjk is the cross-loading for the jth variable in the kth variate of the y's
to the kth variate of the x's (Alexander, 2000; Hair, et al., 1998).

Some researchers used canonical cross-loadings as an alternative to canonical
loadings, ( Hair, et al., 1998) said that these loadings provide a more direct measure to the
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"dependent-independent" variables relationships, and they recommended the cross-loading
approach as the best method in interpreting the canonical variates, they claimed that it is
more representative than the use of standardized coefficients or canonical loadings.
(Thompson, 1989) used the canonical cross-loadings with the other coefficients in his
interpretation.

4.6

REDUNDANCY

The redundancy index or redundancy coefficient (rd) of a canonical variate
indicates the average of variance the canonical variate from one set extract from the
variables in the other set, it is computed by multiplying the adequacy coefficient for the
variables set by the squared canonical correlation "canonical root" for the canonical
variates pair.

rd xk  pv xk  rck2

,

rd yk  pv yk  rck2 where k  1,..., m

The redundancies for a pair of canonical variates are usually not equal. The total
redundancy for a set of variables is calculated by adding the redundancy indices across all
the canonical variates, and it indicate the proportion of variance that all the variates of one
set explained of the variables of the other set. (Tabashnick & Fidell, 1989; Alexander,
2000)

( Hair, et al., 1998) and (Tabashnick & Fidell, 1989), accentuated the importance of
the redundancy index in assessing the relationship between the canonical variates, they
believe that a high canonical correlation alone does not ensure a valuable canonical
variates. Furthermore, (Jobson, 1992) said that it is possible to have relatively large
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canonical correlation, even though the proportion of variance of the original variables
explained by the canonical variates are relatively small, he pointed out that redundancy
index measures the quality of the canonical variate of one set as a predictor of the other set.

Again, (Rencher, 2002) refused this method, since the redundancy index
calculations based on the canonical loadings, and these correlations provide only univariate
information. He proved that the calculation gives the average of the squared multiple
correlation of each variable in one set regressed on the variables of the other set, and this is
a univariate measure of the relationship between the variables in the two sets, and it does
not really quantify the redundancy between the two sets, so it is not a useful measure of
association between two sets of variables. (Alexander, 2000) had the same cautions, she
submitted the controversy about the validity of the redundancy index, and she chose not to
interpret the redundancy index, also (Thompson, 1987) showed that redundancy
interpretation does not make much sense in CCA.

Researchers who approved redundancy index, did not assign a minimum acceptable
range to justify the interpretation of canonical variates, ( Hair, et al., 1998) mentioned that
each canonical variate should be judged in light of its theoretical and practical significance
to the research problem being investigated.

4.7

WHAT INTERPRETATION METHOD TO USE?

After presenting different approaches, and different opinions for interpreting the
canonical relationships, the question now is, which method should be used? and which
coefficients should be investigated?
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Since most researchers advised to use standardized coefficients and the canonical
loadings, in this study the researcher will follow (Sherry & Henson, 2005) steps which are,
first evaluate the full canonical model and each canonical function, by checking both; the
statistical significance and the magnitude of the relationship to insure noteworthy
relationship between considered variables, then study the standardized coefficients and
canonical loadings, to decide what variables are contributing to this relationship. Then take
a look on the canonical cross-loadings that ( Hair, et al., 1998) suggest. Redundancy was
not approved by (Sherry & Henson, 2005), (Rencher, 2002), (Alexander, 2000) and
(Thompson, 1987) so it would not be used.

4.8

SUMMARY

In this chapter especial attention was given to the interpretation of the canonical
correlation and canonical variates, several types of coefficients were introduced, we found
that there is no assent among researchers on what coefficient should be used in
interpreting, some researchers advised to use only standardized coefficients, others advised
to use also canonical loadings and canonical cross-loadings, the researcher will investigate
those three coefficients, and will not use redundancy.
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CHAPTER V
5 DATA ANALYSIS

5.1

INTRODUCTION

In this chapter we conduct the analysis of the data of the Big Five Factors of
Personality and the four fields of Future Anxiety among the Palestinian university students
in Gaza strip. Data analysis was performed using SPSS and "CCA" package of R program.
The analysis of data is organized as follows:

Section 5.2 reviews the construction of the instruments which used in the collection
of data and describes the source and distribution of the data. Section 5.3 presents the
summary statistics of the respondents. The assessment of CCA assumptions; including the
normality, linearity, multicollinearity and homoscedasticity are discussed in Section 5.4.
The CCA is performed in Section 5.5, while the assessment of the CCA is presented in
Section 5.6.

5.2

DATA DESCRIPTION

The considered data in this study is a pre-analyzed data from a study by (Jaber,
2012), he analyzed the data using univariate methods (t-test, one-way ANOVA and the
simple Pearson's correlation). The original data consists of 800 university students, were
randomly selected from two non-private universities (400 from Al-Azhar University-Gaza
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and 400 from Al-Aqsa University) who were enrolled in the second semester of the
academic year 2011-2012, and were in their first or fourth level of education.

(Jaber, 2012) used two instruments for collecting the data (see APPENDIX 4):


The Big Five Factors of Personality Inventory (NEU-FFI) was firstly prepared
by Costa and McCrae in 1992 then translated into Arabic by Al-Ansari in 1997
(Alansari, 2002), the inventory in its initial form consists of 60 items spread on
five factors: Neuroticism (NEU), Extraversion (EXT), Openness to Experience
(OPE), Agreeableness (AGR), and Conscientiousness (CON), 12 items for each.



The Future Anxiety Questionnaire was developed by (Jaber, 2012). In its initial
form, it was consisted of 42 items distributed on four domains, 12 items for
General Anxiety (GA), and 10 items for each of Social Anxiety (SA), Political
Anxiety (PA), and Economic Anxiety (EA) domains.

In both instruments the five-level Likert scale was used, the degrees for responses
were 1 for Strongly Disagree, 2 for Disagree, 3 for Neutral, 4 for Agree and 5 for Strongly
Agree.

Validity and Reliability of the study instruments were examined by (Jaber, 2012)
through a pilot study conducted on 140 randomly university students. Four items were
removed from the big five factors of personality model since their internal consistency
was not significant at 0.05 significant level, one from the EXT domain, and the other three
from the OPE domain. Validity and reliability tests confirmed the eligibility of the
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instruments to measure the Big Five Factors of Personality and the Future Anxiety among
the university students in the Gaza Strip.

The study population consisted of all students in the first and fourth levels of
education, who enrolled in the two considered universities, and totaling 12896 students,
5217 from Al-Azhar University – Gaza, and 7679 from Al-Aqsa University. Table 5.1
presents the distribution of the population by university and the level of education.

Table 5.1: Distribution of study population by university and education level*
level

Al-Azhar

Al-Aqsa

Total ( %)

First

2861

4861

7722

(59,9%)

Fourth

2356

2818

5174

(40.1%)

Total (%)

5217 (40.45%)

7679 (59.55%)

12896

(100%)

*(Jaber, 2012)

Since the original stratified sample is distributed equally into four strata by 200
students were randomly chosen from each strata. The researcher randomly selected a
subsample from the original random sample to be more representative as follows:

Since the first level students at Al-Aqsa University represent the largest strata in the
population of study and they represent about 37.7% of the population, then whole 200
selected students are included in the new subsample. Those 200 students represent about
4.1% of the first level students at Al-Aqsa University.

Then researcher has selected a random sample of 531 students from the original
sample, as presented in Table 5.2.
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Table 5.2: Distribution of study sample by university and education level
Level

Al-Azhar

Al-Aqsa

Total (%)

First

118

200

318 (59.9%)

Fourth

97

116

213 (40.1%)

Total (%)

215 (40.5%)

316 (59.5%)

531 (100%)

Table 5.3 presents the respondents' distribution according to their demographic
characteristics. Results in Table 5.3 show that 50.1% of the sample is females, 52.4% are
from literary colleges, and most of the participants are city residents (63.1%).

Table 5.3: Demographics of study sample (n=531)
Al-Azhar

Al-Aqsa

Male

110

155

265

(49.9%)

Female

105

161

266

(50.1%)

Science college

95

158

253

(47.6%)

Literary college

120

158

278

(52.4%)

Village

12

37

49

(9.2%)

Camp

54

93

147

(27.7%)

City

149

186

335

(63.1%)

Variable
Gender

College

Place of
Residency

Total (%)

The following section presents the descriptive analysis of the data in order to
understand it main characteristics.
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5.3

DESCRIPTIVE ANALYSIS

CCA is conducted between the Personality factors set (PER), which consists of five
variables namely, NEU, EXT, OPE, AGR, and CON, and the Anxious set (ANX) which
consists of four variables namely, GA, SA, PA and EA. The variables represents the
mathematical mean of items scores for each factor, ranging between 1 and 5, higher mean
scores indicating higher levels of the relevant factor or domain.

Table 5.4 contains the descriptive statistics for these nine variables in the PER and
ANX sets. For PER set, among students CON has the highest effect (mean= 4.035), while
NEU has the lowest effect (mean=2.983). For ANX set, the highest effect reefers to the EA
(mean=3.525), and the lowest effect is for GA (mean= 2.875). So the primary results show
high levels of Conscientiousness and Economic Anxiety among university students in
Gaza Strip.

Table 5.4: Descriptive statistics for the variables in the PER and ANX sets (n=531)
Set

PER

ANX

Variable

Mean

Std. Dev.

Min.

Max.

NEU

2.983

0. 553

1.27

4.91

EXT

3.932

0.555

1.71

5.00

OPE

3.366

0.501

1.67

4.83

AGR

3.596

0.440

1.60

4.80

CON

4.035

0.498

2.00

5.00

GA

2.875

0.761

1.00

4.88

SA

3.016

0.734

1.25

5.00

PA

3.512

0.743

1.14

5.00

EA

3.525

0.704

1.22

5.00
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No missing data were found for the nine considered variables. Outliers detection
and normality assessing are discussed in the following section.

5.4

ASSESSING CCA ASSUMPTIONS

This section checks the assumptions of CCA, including normality, linearity,
homoscedasticity, and the problem of multicollinearity or singularity.

5.4.1 NORMALITY
a. N ORMALITY T ESTS

Histograms, boxplots, and Q-Q plots for the nine variables of the two sets suggest
normality for most variables, and show some univariate outliers. Fig 5.1 shows boxplots
for the nine variables, for histograms and Q-Q plots see Appendix 1

Variables

Fig 5.1: Boxplots for the nine variables.
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To insure the normality, tests for skewness and kurtosis are performed, and the
obtained results are listed in Table 5.5, where the values under the original columns are
obtained based on the original sample, while the treated column presents the values
obtained after replacing outliers by the mean of the corresponding variables (Tabashnick
& Fidell, 1989).

Table 5.5: Skewness and kurtosis tests for normality, (n=531)
Skewness
Set

PER

ANX

kurtosis

Variable

Original

Treated

Original

Treated

NEU

0.344

0.112

0.526

-0.091

EXT

-0.731

-0.207

0.869

-0.297

OPE

-0.249

-0.117

0.093

-0.314

AGR

-0.352

-0.061

0.861

-0.022

CON

-0.658

-0.327

0.746

-0.381

GA

0.207

0.207

-0.198

-0.198

SA

0.095

0.095

0.367

0.367

PA

-0.404

-0.206

0.103

-0.399

EA

-0.287

-0.121

-0.077

-0.401

Skewness: Std. Error = 0.106, Critical value at =0.05 is  0.208. Kurtosis: Std. Error = 0.212, Critical
value at =0.05 is 0.416
Original: based on the original sample. Treated : the values obtained after replacing outliers by the mean of
the corresponding variables

Since the values of skewness and kurtosis coefficients for a normal distribution are
zero, the obtained skewness and kurtosis values are tested against the null hypotheses of
zero, using the standard normal distribution, Z, where for skewness value
n
n
 xi  x 
S

 , where n is the sample size, x is the sample mean and s is

n  1n  2 i 1  s 
3
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the sample standard deviation. The standardized value of skewness is given by z S 

where S S is the standard error for skewness, and it is approximately equals

S 0
SS

6
.
n

n
1
 xi  x 
Kurtosis value K 

 and its standardized value of skewness is

n  1 i 1  s 
4

zK 

K 0
, where S K is the standard error for kurtosis, and it is approximately equals
SK

24
(Doane & Seward, 2011; DeCarlo, 1997; Tabashnick & Fidell, 1989).
n

At 0.05 significant level, to reject the null hypotheses, z-values should be out of the
range of -1.96 and 1.96. For easier comparison a critical values are computed; where a
variable is normally distributed if skewness coefficient S[-0.208, 0.208], or for kurtosis
coefficient K[-0.416, 0.416].

Fig 5.2 shows boxplots for variables after treating outliers, where the plots of most
variables look symmetric. Results in Table 5.5 confirm normality after replacing outliers
by the mean of corresponding variable, since their skewness and kurtosis values are within
accepted range. Except for the CON variable in PER set shows a substantial negative
skewness ( -0.327) , which indicates a significant departure from normality, moreover, its
histogram in Fig 5.3, asserts its deviation from normality.
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Frequency

Variables
Fig 5.2: Boxplots for the nine variables after treating outliers

CON
Fig 5.3: Histogram of CON variable after treating outliers
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Since normality is not strictly required for CCA ( Hair, et al., 1998), we do not
transform the CON variable at this point, and examine the multivariate normality first.

b. M ULTIVARIATE N ORMALITY

The Mahalanobis distance method (Rencher, 2002) is used to check the
2
multivariate normality. Using SPSS package, Mahalanobis distance was calculated, D1i
2
2
then the quantity w1i  nD1i /( n  1) and

2
for PER set and D2i for ANX set,

w2i  nD22i /( n  1)2 ; where n is the sample size; were calculated for PER and ANX
respectively, and Q-Q plots were accomplished for w1i and w2i . The Q-Q plots in Fig 5.4,
shows a nearly straight line, which indicates a multivariate normality for the two sets.
Since the variables distribution is a multivariate normal, thus there is no need for

Expected Beta Value

Expected Beta Value

transformation the CON variable.

Observed Value ,

Observed Value ,

(b)

(a)
Fig 5.4: Beta Q-Q plot for the quantities (a)
set
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for PER set, and (b)

for ANX

For the ANX set, the Q-Q plot suggests at least one multivariate outlier, the
probability of Mahalanobis distances was calculated, and only one multivariate outlier was
detected ( case no. 6, Mah.dist.= 27.08 with p<0.001), the case was removed so the sample
size becomes 530. For PER set, both the Q-Q plots and the probability values indicates free
outliers data.

5.4.2 LINEARITY AND HOMOSCEDASTICITY

A matrix scatter plot for the variables of each group were performed and given in
Fig 5.5, the almost perfect oval-shaped scatters in ANX set, suggested no departure from
linearity or homoscedasticity (Tabashnick & Fidell, 1989).

(b)

(a)
Fig 5.5: Matrix scatter plot for (a) PER set, and (b)for ANX set
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For PER set, scatters show no curve lines or funnel-shaped, so there is no serious
problem with linearity or homoscedasticity. To be more certain, especially for CON
variable, relations between CON and the four other variables; NEU; EXT; OPE and AGR,
were checked through bivariate scatter plots (Appendix 2), and it show no violation for
linearity or homoscedasticity.

5.4.3 MULTICOLLINEARITY AND SINGULARITY

Correlation matrices between variables in both sets were computed to investigate
Pearson’s correlation coefficients. The upper right triangular of Table 5.6 presents the
bivariate correlation between the variables in the PER set, coefficients were ranging
between -0.266 and 0.420 which are considered low, so there is no multicollinearity and
certainly no singularity. On the other hand, the lower left triangular of Table 5.6 presents
the bivariate correlations between the variables in the ANX set, correlations were moderate
and ranging between 0.316 and 0.623, thus, there is neither multicollinearity nor
singularity.

Table 5.6: Pearson’s correlation coefficient for variables of PER set and ANX set,
(n=530)
NEU

EXT

OPE

AGR

CON

PER set

AG

-

-0.266

-0.097

-0.199

-0.157

NEU

AS

0.623

-

0.218

0.291

0.420

EXT

AP

0.316

0.330

-

0.082

0.208

OPE

AE

0.590

0.498

0.446

-

0.178

AGR

ANX set

AG

AS

AP

AE
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For multivariate correlations, linear regression was conducted for the two sets,
where each variable serves as dependent variable in turn, while the others are independent
variables. The squared multiple correlations (the Coefficient of Determination, R 2 ), are
listed in Table 5.7. The squared multiple correlations among the variables of PER set were
low (lowest 0.065 and highest 0.195), and the squared multiple correlations among the
variables of ANX set were moderate (lowest 0.215 and highest 0.493), and this indicated no
multicollinearity or singularity (Tabashnick & Fidell, 1989). Also the variance inflation
factor ( VIFk ) values confirmed this result, where it was ranging between 1.070 and 1.361
for PER set, and between 1.273 and 1.972 for ANX set.

Table 5.7: Squared multiple correlations and VIFk values for variables of PER set and
ANX set, (n=530)
PER set

NEU

EXT

OPE

AGR

CON

R2

0.089

0.136

0.065

0.103

0.195

VIFk

1.098

1.361

1.070

1.115

1.243

ANX set

AG

AS

AP

AE

R2

0.493

0.423

0.215

0.438

VIFk

1.972

1.733

1.273

1.778

After verifying the assumptions of the CCA, the following section presents the
procedure and the results of the CCA.
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5.5

CANONICAL CORRELATION MODEL

CCA was conducted using SPSS MANOVA syntax, and "CCA" R-package, the
commands that were used are provided in (Appendix 3). Since PER set have five variables
(p=5), and ANX set have four variables (q=4), thus, four canonical functions were created
(m=min(5,4)=4). The full model is given in Fig 5.6 in terms of standardized original
variables (zNEU, zEXT, zOPE, zAGR, zCON , zGA, zSA, zPA and zEA).

Function

Canonical correlations and canonical variates

rc1  0.506
1

u1  0.892 zNEU  0.042 zEXT  0.076 zOPE  0.344 zAGR  0.001 zCON
v1  0.600 zGA  0.520 zSA  0.110 zPA  0.100 zEA

rc 2  0.262

2

u2  0.450 zNEU  0.433 zEXT  0.047 zOPE  0.423 zAGR  0.533 zCON
v2  0.575 zGA  0.084 zSA  0.794 zPA  0.579 zEA

rc 3  0.129

3

u3  0.141 zNEU  0.956 zEXT  0.240 zOPE  0.034 zAGR  0.473 zCON
v3  0.267 zGA  0.351 zSA  0.746 zPA  1.19 zEA
rc 4  0.044

4

u4  0.181 zNEU  0.316 zEXT  0.726 zOPE  0.627 zAGR  0.472 zCON
v4  1.121 zGA  1.155 zSA  0.273 zPA  0.120 zEA

Fig 5.6: The full canonical model
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5.5.1 EVALUATING THE FULL MODEL

To evaluate the full canonical model; that is evaluating the shared variance between
the PER set variables; X, and the ANX set variables; Y, the null hypothesis H 0   XY  0 ,
was inspected by four multivariate tests of significance that were obtained by SPSS
MANOVA, namely, Wilks's, Hotelling's, Pillai's and Roy's tests. Table 5.8 shows the
results of the multivariate tests of significance including the four mentioned tests
associated with statistics value , F approximations, degrees of freedom for and p -value.

Table 5.8: Multivariate tests of significance for the full model
Test

Statistic

F

df1

df2

p-Value

Pillais

0.3428

9.824*

20

2096

0.000

Hotelling

0.4359

11.323*

20

2078

0.000

Wilks 

0.6804

10.641*

20

1728.01

0.000

* Test is significant at the 0.01 level of significance

The results of the multivariate tests prove that the full model was statistically
significant with p-value <0.001 of three tests Wilks, Hotelling and Pillai's. On the other
hand, Roy's test did not yield any results due to some limits to the approach (Sherry &
Henson, 2005). So the null hypothesis that there was no relationship between variable sets,
is rejected which implies that at least the first canonical correlation; rc1 ; is significantly
different from zero.

The proportion of variance shared between variables set across all function is used
to check the magnitude of the relationship between the two sets, where R2 =1-Wilks . The
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Wilks  = 0. 6804, then R2 = 0.3196 for the full model, and it is a moderate effect size
(Sherry & Henson, 2005).

5.5.2 EVALUATING CANONICAL FUNCTIONS

The canonical correlations for each of the four correlation functions, their canonical
roots, and the hierarchical significant for these functions are reported in Table 5.9.

Table 5.9: Canonical correlations and hierarchical significant tests for the four
canonical functions
Canonical Correlations and Canonical

Hierarchical Significant Levels of

Roots

Correlation Function
Function

Wilks 

p-Value for F

0.255

1 to 4

0. 6804

0.000

0.262

0.070

2 to 4

0. 9140

0.000

3

0.129

0.017

3 to 4

0. 9814

0. 134

4

0.044

0.002

4 to 4

0.9980

0. 599

Function

Can.Cor

Can.Root

1

0.505

2

is 0.505 and representing about 25.5% of the shared variance for the first
canonical function, and

is 0.262 and representing only about 7% of the shared variance

for the second canonical function. At 0.01 level of significance, the cumulative effect of
function 2 to 4 was statistically significant (Wilks   0.9140 , F12,1381.37  3.9795 ,
P  0.000 ), thus, the second canonical function has a statistical significance, but it does

not explain a reasonable amount of variance, only 7% of the shared variance, so it is not
warrant to interpretation (Sherry & Henson, 2005). Fig 5.7 shows a scatter plots for the
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first and second functions, Fig 5.7 (a) indicates a noteworthy linear relationship between
the first pair of variates, while Fig 5.7 (b) shows a weak linear relationship between the
second pair.

The cumulative effect of functions 3 to 4 and function 4 was not statistically
significant (p=0.134 and 0.599), then only the first function was reliable and to be

ANX set variate

ANX set variate

interpreted.

PER set Variate

PER set Variate

(a)

(b)

Fig 5.7: Scatter plots (a) for the first canonical function and (b)second canonical functions
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5.5.3 VARIABLES CONTRIBUTIONS

To assess the contribution of the variables in the first function, standardized
coefficients, canonical loadings l, squared canonical loadings l2, and canonical crossloading , were obtained and given in Table 5.10.

The corresponding variates, in terms of standardized original variables, are given as
follows:

u1  0.892 zNEU  0.042 zEXT  0.076 zOPE  0.344 zAGR  0.001 zCON

v1  0.600 zGA  0.520 zSA  0.110 zPA  0.100 zEA

Table 5.10: Canonical solution for PER set predicting ANX set
Canonical Function 1
Variable

Stdz. Coef.

l

l2 %



2%

NEU

0.892

0.942

88.7

-1.476

22.6

EXT

0.042

-0.278

7.7

1.140

1.9

OPE

0.076

-0.029

0.1

1.015

0.02

AGR

-0.344

-0.503

25.3

1.254

6.5

CON

0.001

-0.167

2.9

1.084

8.4

PER

pv =24.93%

ANX

GA

0.600

0.908

82.5

-1.459

21.1

SA

0.520

0.882

77.8

-1.446

19.8

PA

-0.110

0.283

8.0

-1.143

2.1

EA

0.100

0.641

41.0

-1.323

10.5

Pv= 50.34%
li2
l 2j
pv PER  i51 , pv ANX  J41
5

4
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The standardized coefficients for the first variate (the PER set variate) show that
NEU and AGR had the highest relative contribution 0.892 and 0.344, respectively, but in a
contrast directions, the other variables had low contribution to the variate. For the second
variate (the ANX set variate), the highest relative contribution was for GA (0.600) then SA
(0.520) in the same direction.

The canonical loadings showed almost the same results. For the PER set; NEU had
the highest loading, resulting 88.7% of the shared variance with the first canonical variate,
then AGR with a moderate loading producing 25.3% of shared variance with the first
variate.

For the ANX set, GA and SA had the highest loadings with 82.5% and 77.8%,
respectively, of shared variance with the second variate. For EA variable, even though it
had very low contribution in the variate (standardized coefficient = 0.100), a moderate
loading was noted representing 41% of shared variance with the second variate.

The canonical cross-loading has almost the same pattern as canonical loadings. For
PER set, NEU and AGR had the highest correlations with the second variate, that 22.6%
and 6.5% of the variance in the two variables were explained by the first function. For the
ANX set, the highest correlations with the first variate was recorded for GA, SA and EA,
with 21.1% , 19.8% and 10.5%, respectively, of the variance in these variables explained
by the first function.
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The adequacy coefficient for the PER set, which is the proportion of variance
extracted from the first canonical variate; pvper = 24.93% . And the proportion of variance
extracted from the ANX set by the second canonical variate, pvanx = 50.34%.

The above results indicate that the first canonical function is basically about the
relationship between Neuroticism NEU, and Agreeableness AGR from the PER set- with
opposite direction-, with General Anxious GA and Social Anxious SA for ANX set. We can
conclude that students with high level of Neuroticism and low level of Agreeableness had a
high level of General Anxious and Social Anxious.

5.6

VALIDATION OF CCA

DCV was performed to confirm the generalizability of study results, following are
the steps as given in (Taylor, 1992). First step, the sample was divided into two un-equal
groups, at a ratio of 70% - 30%, and a CCA was conducted for each group. Table 5.11
shows the canonical correlations and canonical roots for the four functions in the two
groups.

Table 5.11: Canonical correlations and canonical roots for the two DCV groups
First group (n1=371)
Function

Second Group (n2=159)

Can.Cor

Can.Root

1

0.508

0.258

2

0.259

3
4

Function

Can.Cor

Can.Root

0

0.523

0.273

0.067

2

0.318

0.101

0.179

0.032

3

0.179

0.032

0.086

0.001

4

0.007

0.007
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The full results are provided in Appendix 3.

Second step, canonical scores for the first function were calculated in each group, by
applying the variables z-scores to its relative canonical variate. So we create four latent
variables, as follows:

For the first group (n1 = 371)
u11  0.879 zNEU1  0.026 zEXT1  0.147 zOPE1  0.349 zAGR1  0.002 zCON1

v11  0.491 zGA1  0.576 zSA1  0.183 zPA1  0.147 zEA1

For the second group (n2 = 159)
u22  0.936 zNEU 2  0.090 zEXT2  0.025 zOPE2  0.319 zAGR2  0.022 zCON2
v22  0.675 zGA2  0.377 zSA2  0.074 zPA2  0.011 zEA2

where zNEU1 is the standardized scores for the NEU variable in the first group
(n1 = 371) , and zNEU 2 is the standardized scores for the NEU variable in the second

group (n2 = 159) , and the same for the other variables.

Third step, a cross-validated canonical scores for the first function are calculated, by
multiplying the variables z-scores in one group, by the standardized coefficients of the
variates from the other group. And another four latent variables; cross-validated variables;
were created as follows:
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For the first group (n1 = 371)
u12  0.936 zNEU1  0.090 zEXT1  0.025 zOPE1  0.319 zAGR1  0.022 zCON1

v12  0.675 zGA1  0.377 zSA1  0.074 zPA1  0.011 zEA1

For the second group (n2 = 159)
u21  0.879 zNEU 2  0.026 zEXT2  0.147 zOPE2  0.349 zAGR2  0.002 zCON2

v21  0.491 zGA2  0.576 zSA2  0.183 zPA2  0.147 zEA2

Fourth step, four Pearson's correlation coefficients; Rc, between the latent variables,
were computed as given in Table 5.12:

Table 5.12: Pearson's Correlation coefficients between the latent variables
Rc

correlates

Rc11

=

0.518

u11

v11

Rc12

=

0.482

u12

v12

Rc22

=

0.523

u 22

v 22

Rc21

=

0.591

u 21

v 21

Invariance Coefficient; IC, equals the difference between the squared correlation
coefficients for the original latent variables and the cross-validated latten variables:
IC1 = R2c11 - R2c12 = 0.252 - 0.232 = 0.020
IC2 = R2c22 - R2c21 = 0.274 - 0.348= -0.075
The IC's are small for the two groups, about 0.02 and 0.08, these small values
indicates the stability and replicability of the results (Taylor, 1992).
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5.7

SUMMARY

After verifying the assumptions, CCA was conducted and interpreted then
evaluated. The results revealed that only the first function was reliable to be interpreted,
and this relation had a reasonable strength ( rc1 = 0.505 explaining about 25.5 % of the
variance between the two sets for the first pair of canonical variate). The second function
was not reliable to be interpreted, although it was significant, since it represents only about
7% of the shared variance for the second pair of canonical variates. The third and fourth
functions had neither statistical nor practical significant. We can conclude that the
association between the PER set and ANX set was essentially one-dimensional.

The results indicated that Neuroticism NEU, and Agreeableness AGR from PER
set, and General Anxious GA, and Social Anxious SA, from ANX set, had the highest
contribution on the first canonical function. We can say that students with high level of
Neuroticism and low level of Agreeableness had a high level of general and social anxious.
The DCV evaluation method confirmed the stability and the replicability of the results.
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CHAPTER VI
6 CONCLUSIONS AND RECOMMENDATIONS

6.1

INTRODUCTION

In this study we have conducted a canonical correlation analysis model for the BigFive Personality factors, which are Neuroticism, Extraversion, Openness to Experience,
Agreeableness, and Conscientiousness, and four domains of Future Anxiety, which are
General Anxiety, Social Anxiety, Political Anxiety and Economic Anxiety, among the
Palestinian university students in Gaza strip.

6.2

CONCLUSIONS

From all discussion of this study, the following conclusions can be recorded:



Multivariate methods should have a special attention in analyzing data for
social and behavioral sciences.



CCA is a suitable multivariate technique to assess the complicated
relationships between variables in social and behavioral sciences, and
researchers should adopt the method in their studies; when the assumptions
are met.



To achieve accurate results, assumptions of multivariate methods should be
met, especially linearity. If one of the assumptions did not verified, then
transformations for one or more variables are required.
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Statistical significant of canonical correlation is not the only criterion to
decide if a canonical function is reliable to be interpreted. The magnitude of
the canonical correlation is also an important criterion. Canonical functions
to be interpreted should have canonical correlation with both significant and
acceptable magnitude.



The simultaneous relationship between the Big-Five Personality Factors and
Future Anxiety among university students in Gaza Strip, is basically about
Neuroticism and Agreeableness from personality set, and General Anxious
and Social Anxious from Anxiety set, students with high level of
Neuroticism and low level of Agreeableness had a high level of general and
social anxious.



Double Cross-Validation is suitable method to confirm the generalizability
and replicability of CCA results. In this study the small values of the
Invariance Coefficient indicates the stability and replicability of the results.

6.3

RECOMMENDATIONS



Researchers in the social and behavioral sciences are encouraged to conduct
the multivariate methods in analyzing their data.



To include multivariate analysis procedures in the courses of statistics for
postgraduate students, especially in the social and behavioral sciences.



To be aware of the assumptions of the statistical methods.



To revisit and reanalyze collected data in Palestine, were possible, by
multivariate procedures.
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APPENDIX 1

Expected normal

Frequency

1. HISTOGRAMS AND NORMAL Q-Q PLOTS FOR THE ORIGINAL VARIABLES

Observed value

NEU

Frequency

Expected normal

Histogram and normal Q-Q plot for NEU variable

EXT

Frequency

Expected normal

Observed value
Histogram and normal Q-Q plot for EXT variable

OPE

Observed value
Histogram and normal Q-Q plot for OPE variable
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Expected normal

Frequency

Observed value

AGR

Frequency

Expected normal

Histogram and normal Q-Q plot for AGR variable

Observed value

CON

Frequency

Expected normal

Histogram and normal Q-Q plot for CON variable

Observed value

GA

Histogram and normal Q-Q plot for GA variable
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Expected normal

Frequency

Observed value

SA

Frequency

Expected normal

Histogram and normal Q-Q plot for SA variable

Observed value

PA

Frequency

Expected normal

Histogram and normal Q-Q plot for PA variable

Observed value

EA

Histogram and normal Q-Q plot for EA variable
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Frequency

HISTOGRAMS FOR THE VARIABLES AFTER TREATING OUTLIERS

Frequency
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Frequency

Frequency

EXT

AGR

OPE
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GA
SA

PA
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APPENDIX 2
Scatter plots for CON variable with NEU, EXT,OPE and AGR variables from PER set.
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APPENDIX 3
1. R PROGRAM COMMANDS AND OUTPUT
zperset<-read.table("ZPER.R",header=T)
zanxset<-read.table("ZANX.R",header=T)
library(CCA)
zcca<-cc(zperset,zanzset)
> zcca$cor
[1] 0.50551365

0.26219923

0.12883563

0.04418225

> zcca$xcoef
[,1]

[,2]

[,3]

[,4]

NEU

-0.892399631 -0.44965065

0.14138036

-0.1806421

EXT

-0.042176503 -0.43277417

0.95574756

0.3161467

OPE

-0.075698240 -0.04755843

-0.23958413

-0.7254830

AGR

0.344612781

-0.42352291

0.03369707

-0.6272148

CON

-0.001114619 -0.53277913

-0.85580901

0.4729103

> zcca $ycoef
[,1]

[,2]

[,3]

[,4]

GA
SA

-0.5598994
-0.5196045

0.57478820
0.08370694

-0.2667323
-0.3504767

-1.1209770
1.1545891

PA

0.1097821

-0.79386833

-0.7460311

-0.2727942

EA

-0.1001187

-0.57927994

1.1909343

0.1198100

> comput(zperset,zanxset , zcca)$corr.X.xscores[,1]
NEU
-0.94213513

EXT
0.27817758

OPE
0.02942626

AGR

CON

0.50312880

0.16659320

> comput(zperset,zanxset , zcca)$corr.Y.yscores[,1]
zGA
-0.9082578

zSA
-0.8822804

zPA
-0.2832650

zEA
-0.6405098

> comput(zperset,zanxset , zcca)$corr.X.yscores[,1]
NEU
- -0.47626216

EXT
0.14062257

OPE
0.01487537

AGR
0.25433847

>comput(zperset,zanxset , zcca)$corr.Y.xscores[,1]
GA
-0.4591367

SA
-0.4460048

PA
0.1431943

EA
-0.3237865
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CON
0.08421514

2. SPSS COMMANDS AND OUTPUT
MANOVA
NEU EXT OPE AGR CON WITH GA SA PA EA
/PRINT=SIGNIF(MULTIV EIGEN DIMENR)
/DISCRIM=(STAN ESTIM COR ALPHA(.999))
Output of CCA:
530 cases accepted
1 design will be processed
* * * * * * * * * * * * * * * * * A n a l y s i s
o f
V a r i a n c e -- Design
EFFECT .. WITHIN CELLS Regression
Multivariate Tests of Significance (S = 4, M = 0, N = 271 1/2)
Test Name
Pillais
Hotellings
Wilks
Roys

Value
.34284
.43592
.68044
.25554

Approx. F
9.82457
11.32306
10.64097

Hypoth. DF
20.00
20.00
20.00

Error DF
2096.00
2078.00
1728.91

1 * * * * *

Sig. of F
.000
.000
.000

- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - Eigenvalues and Canonical Correlations
Root No.
Eigenvalue
Pct.
Cum. Pct.
Canon Cor.
Sq. Cor
1
.34326
78.74422
78.74422
.50551
.25554
2
.07382
16.93510
95.67931
.26220
.06875
3
.01688
3.87201
99.55132
.12884
.01660
4
.00196
.44868
100.00000
.04418
.00195
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - Dimension Reduction Analysis
Roots
Wilks L.
F
Hypoth. DF
Error DF
Sig. of F
1 TO 4
.68044
10.64097
20.00
1728.91
.000
2 TO 4
.91401
3.97949
12.00
1381.37
.000
3 TO 4
.98148
1.63696
6.00
1046.00
.134
4 TO 4
.99805
.51244
2.00
524.00
.599
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - Standardized canonical coefficients for DEPENDENT variables
Function No.
Variable
1
2
3
4
NEU
.89240
.44965
.14138
.18064
EXT
.04218
.43277
.95575
-.31615
OPE
.07570
.04756
-.23959
.72548
AGR
-.34461
.42352
.03370
.62722
CON
.00112
.53278
-.85581
-.47291
- - - - - - - - - - - - - - - - - - - - - Correlations between DEPENDENT and canonical
Function
Variable
1
NEU
.94214
.16236
EXT
-.27818
.67063
OPE
-.02943
.24435
AGR
-.50313
.55856
CON
-.16659
.72935

- - - - - - - - - - - - - - - - - - - - - - - - - - variables
No.
2
3
4
.03797
.14426
.51591
-.22246
-.22000
.59234
.11145
.47526
-.52007
-.37172

- - - - - - - - - - - - - - - - - - - - - - - - - - Standardized canonical coefficients for COVARIATES
CAN. VAR.
COVARIATE
1
2
GA
.55990
-.57479
SA
.51960
-.08371
PA
-.10978
.79387
EA
.10012
.57928

- - - - - - - - - - - - - - - - - - - - - 3
-.26673
-.35048
-.74603
1.19093

4
1.12098
-1.15459
.27280
-.11981

- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - Correlations between COVARIATES and canonical variables
CAN. VAR.
Covariate
1
2
3
4
GA
.90826
-.03427
-.01777
.41663
SA

.88228

.10862

-.16980

PA

.28327

.84316

-.41460

.19220

EA

.64051

.55247

.52601

.08853
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-.42539

Output for the Cross-Validated groups:
First group
371 cases accepted.
1 design will be processed. - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - * * * * * * * * * * * * * * * * * A n a l y s i s
o f
V a r i a n c e -- Design
1 * * * * * * * *
* * * * * * * * * EFFECT .. WITHIN CELLS Regression Multivariate
Tests of Significance (S = 4, M = 0, N = 180 1/2)
Test Name
Value
Approx. F
Hypoth. DF
Error DF
Sig. of F
Pillais
Hotellings
Wilks
Roys

.35877
.45455
.66889
.25821

7.19267
8.19333
7.74449

20.00
20.00
20.00

- - - - - - - - Root No.
1
2
3
4
- - - - - - - variables
Variable
NEU
EXT
OPE
AGR
CON
- - - - - - - - -

1460.00
1442.00
1201.57

- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - Eigenvalues and Canonical Correlations
Eigenvalue
Pct.
Cum. Pct.
Canon Cor.
Sq. Cor
.34810
76.58020
76.58020
.50815
.25821
.07196
15.83185
92.41205
.25910
.06713
.03321
7.30686
99.71891
.17929
.03215
.00128
.28109
100.00000
.03572
.00128
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - Standardized canonical coefficients for DEPENDENT
Function No.
1
2
3
4
-.87899
.48580
-.20320
.17031
-.02586
.38729
-.67709
-.85389
-.14702
-.01365
.05936
.31993
.34948
.54520
-.35823
.73329
.00176
.47853
.99637
-.06337
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - Standardized canonical coefficients for COVARIATES
CAN. VAR.
COVARIATE
1
2
3
4
GA
-.49090
-.65083
-.20962
1.09075
SA
-.57586
-.05126
.78621
-.88214
PA
.18284
.65263
.66380
.61753
EA
-.14659
.73350
-1.02330
-.46370
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -

.000
.000
.000
- - - - - - - - - - - -

- - - - - - - - - - - -

- - - - - - - - - - - -

- - - - - -

Second group
159 cases accepted.
1 design will be processed. - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - * * * * * * * * * * * * * * * * * A n a l y s i s
o f
V a r i a n c e -- Design
1 * * * * *
EFFECT .. WITHIN CELLS Regression Multivariate Tests of Significance (S = 4, M = 0, N = 85 1/2)
Test Name
Value
Approx. F
Hypoth. DF
Error DF
Sig. of F
Pillais
.41390
3.53181
20.00
612.00
.000
Hotellings
.52929
3.93000
20.00
594.00
.000
Wilks
.62755
3.75900
20.00
498.44
.000
Roys
.27346
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - Eigenvalues and Canonical Correlations
Root No.
Eigenvalue
Pct.
Cum. Pct.
Canon Cor.
Sq. Cor
1
.37639
71.11240
71.11240
.52294
.27346
2
.11234
21.22469
92.33709
.31780
.10100
3
.03310
6.25338
98.59047
.17899
.03204
4
.00746
1.40953
100.00000
.08605
.00741
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -Standardized canonical coefficients for DEPENDENT variables
Function No.
Variable
1
2
3
4
NEU
-.93604
-.36226
.01678
-.32413
EXT
-.09019
-.52080
.96147
.01887
OPE
.02476
-.29526
-.59124
.30622
AGR
.31891
-.18134
-.43340
-.90731
CON
-.02207
-.55491
-.38824
.33404
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - Standardized canonical coefficients for COVARIATES
CAN. VAR.
COVARIATE
1
2
3
4
GA
-.67527
.28742
-1.03891
.75113
SA
-.37705
.44512
.57009
-1.04670
PA
-.07393
-.94657
-.42398
-.41667
EA
-.01090
-.36014
1.12123
.56866
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APPENDIX 4
THE INSTRUMENTS USED IN DATA COLLECTION

)1. The Big-five factors inventory(adjusted

غير
موافق

العبارة

.0

لست بالشخص القلق.

.2

احب أن يلتف الناس من حولي.

.2

أحب أن أستغرق في أحالم اليقظة

.4

أحاول أن أكون لطيف مع كل من أقابله.

.5

أحتفظ بممتلكاتي نظيفة ومرتبة.

.6

يغلب علي الشعور بأني أقل من اآلخرين.

.7

تثيرني المواقف المضحكة وال أتمالك نفسي

.0

أميل إلى تذوق األعمال الفنية والمناظر الطبيعية.

.9

أدخل في نقاشات كثيرة مع أسرتي وزميالتي في العمل

جدا
ً

 .01أحرص على إنجاز أعمالي في وقتها المحدد
 .00أشعر في بعض األحيان باالنهيار إذا وضعت تحت ظروف ضاغطة
 .02أعتبر نفسي شخصية مزعجة.
 .02أعتقد أن االستماع إلى مجادلة ما ,ال فائدة منها إال تشويش األفكار وتضليلها
 .04يعتقد البعض أني أناني ومغرور
 .05أعتبر نفسي شخصية ال تحافظ على النظام بالشكل الجيد.
 .06ناد اًر ما أشعر بالوحدة أو الكآبة.
 .07أستمتع بالحديث مع اآلخرين
أمر ال يهمني
 .00قراءة الشعر وتذوقه ٌ
 .09أفضل التعاون مع اآلخرين على التنافس معهم
 .21أهتم بإنجاز أعمالي بدقة وضمير
 .20كثي اًر ما أشعر بالتوتر أو النرفزة.
 .22أميل إلى األماكن الحيوية النشطة (مثل مراكز التسوق والمدن الترفيهية ).
 .22أسعى كثي اًر إلى تجربة المأكوالت الجديدة.
 .24أميل إلى الشك في نوايا اآلخرين.
 .25أميل إلى وضع تخطيط لتحقيق آمالي وطموحاتي.
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موافق

محايد

غير

موافق

موافق
على

اإلطالق

 .26أشعر في بعض األحيان أن ال قيمة لي.
 .27أفضل في العادة إنجاز أعمالي بنفسي
 .20تستهويني في بعض األحيان قراءة النصوص األدبية.
 .29يسهل استغاللي إن سمحت بذلك.
 .21أضيع الكثير من الوقت قبل أدائي ألي عمل
 .20ناد اً ر ما أشعر بالخوف أو القلق.
 .22كثي اًر ما أشعر بأني أفيض قوة ونشاطًا.
نوعا ما.
 .22اهتماماتي بتأمل طبيعة الكون أو الظروف اإلنسانية قليلة ً
 .24يحبني معظم من يعرفني
 .25أعمل باجتهاد في سبيل تحقيق أهدافي
 .26كثي اًر ما أغضب من الطريقة التي يعاملني بها اآلخرون.
 .27تتسم شخصيتي بالمرح والحيوية والنشاط
 .20أحب القراءة واالطالع كثي اًر.
 .29قد أوصف بالبرود والحذر.
 .41إذا التزمت بعمل ما فإني أؤديه وأتابعه حتى النهاية
 .40ينتابني في الغالب شعور بانخفاض همتي إذا ساءت األمور.
 .42أنا شخصية متشائمة بشكل عام.
 .42أستمتع بالتأمل في النظريات واألفكار المجردة.
 .44أتمسك بآرائي بشدة.
 .45قد أخذل ثقة من حولي في بعض األحيان
 .46ناد اًر ما أشعر بالحزن أو االكتئاب
 .47تجري حياتي بشكل سريع.
 .40أحرص على مراعاة مشاعر اآلخرين وآالمهم.
 .49أنا شخصية منتجة وأنهي عملي بصورة جيدة
 .51يغلب على الشعور بالعجز والحاجة إلى من يحل مشاكلي.
جدا.
 .50أنا شخصية نشيطة ً
 .52أحرص على إظهار مشاعري لآلخرين حتى ٕوان كانت سلبية.
 .52أنا شخص غير منظم.
 .54شعوري بالخجل قد يدفعني في بعض األحيان إلى محاولة االختباء.
 .55أستخدم أسلوب التحايل لتحقيق ما أريده إن لزم األمر
متقنا وممي اًز.
 .56أحرص أن يكون عملي ً
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2. The Future Anxiety questionnaire
تنطبق
بدرجة

العبارة

كبيرة
جداً

.0

أشعر أن الحياة عقيمة بال معنى وال مستقبل واضح.

.2

أخشى تدهور عالقاتي االجتماعية في المستقبل.

.2

أعتقد أن الحراك السياسي في الدول العربية يبعث على التشاؤم.

.4

أشعر بالقلق من قلة فرص العمل بعد التخرج.

.5

أخاف من األحداث السارة ألن سيعقبها أحداث مؤلمة.

.6

أقلق مما سيصل إليه التدهور األخالقي في العالم.

.7

أشعر بقلق نتيجة ما يحدث من تطرف فكري – عقائدي في بلدي.

.0

أتوقع أن أجد صعوبات للحصول على دخل يسد حاجاتي المعيشية مستقبالً.

.9

أشعر أن المستقبل سيكون مشرقاً وستحقق آمالي في الحياة.

.01

يقلقني ما يط أر على القيم واألعراف من تغيرات.

.00

ال.
أشعر بالتفاؤل تجاه الوفاق الوطني الفلسطيني مستقب ً

.02

أتوقع أن تزداد أسعار المواد زيادة عالية في األيام المقبلة.

.02

ينتابني األرق ليالً كلما فكرت في المستقبل.

.04

أشعر بضغوط نفسية نتيجة لقلق أهلي على مستقبلي.

.05

أخشى من العدوان الخارجي على بلدي.

.06

يشغلني كثرة متطلبات الحياة والتزاماتها المادية المتزايدة.

.07

لدي شعور بقرب انهيار العالم من حولي.

.00

أشعر بالقلق على مستقبل عائلتي.

.09

أشعر بأن الحراك السياسي في الدول العربية سينعكس سلباً على الوضع الفلسطيني.

.21

أشعر بأن الحصار المفروض على بلدي يسير إلى األسوأ.

.20

تراودني فكرة أن أصبح شخصاً عظيماً في المستقبل.

.22

أخشى حدوث خالفات تهدد مستقبل أسرتي.

.22

أخشى حدوث صدام فكري عقائدي في بلدي.

.24

أخشى العجز عن مواجهة المطالب المادية مستقبالً.

.25

أشعر بالتفاؤل تجاه المستقبل وأن األمور سوف تتحسن.

.26

ال.
أخشى أن ال أوفق في حياتي الزوجية مستقب ً

.27

تقلقني التغيرات السياسية المتوقع حدوثها في المستقبل.

.20

أخشى مواجهة الحياة العملية مستقبالً.
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تنطبق

تنطبق

تنطبق

بدرجة

بدرجة

بدرجة

كبيرة

متوسطة

ضعيفة

ال
تنطبق
على
اإلطالق

.29

يخيفني ما يمكن أن يحدث لي في المستقبل.

.21

أتوقع أن تحصل لي خالفات أسرية مستقبالً.

.20

أخشى من وقوع صدام جديد بين أبناء الفصائل في بلدي.

.22

أشعر بأن المعاناة المادية واالقتصادية بشكل عام ستزيد سوءاً.

.22

أهتم بالمستقبل وأشعر بجدية نحوه.

.24

تراودني فكرة موت شخص عزيز علي.

.25

أشعر بالتفاؤل حيال إمكانية إعادة بناء النظام السياسي الفلسطيني.

.26

أشعر بالقلق لعدم االطمئنان على مستقبلي المادي.

.27

المستقبل مصدر خطر غامض أمامي.

.20

أخشى الدخول في عالقات جديدة خوفاً من الفشل.

.29

أشعر بالتشاؤم حيال إمكانية قيام الدولة الفلسطينية مستقبالً.

.41

أرى أن مهنتي في المستقبل ال قيمة لها.

.40

أشعر بالتوتر عندما أخطط لمستقبلي.

.42

أعتقد أن األمل كلمة جوفاء ال معنى لها.
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