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ABSTRACT

A STRUCTURAL EQUATION MODEL EXAMINING THE
RELATIONSHIPS AMONG MATHEMATICS ACHIEVEMENT,
ATTITUDES TOWARD STATISTICS, AND STATISTICS OUTCOMES

EMMIOGLU, Esma
Ph.D., Department of Educational Sciences
Supervisor: Assoc. Prof. Dr. Ahmet OK
Co-Supervisor: Assist. Prof. Dr. Yesim CAPA-AYDIN

September 2011, 192 pages

The purpose of the current study was to investigate the structural relationships
among self-reported mathematics achievement, attitudes toward statistics, and
statistics outcomes by testing a structural model. The current study utilized a
survey design. The participants of study consisted of 247 undergraduate and
graduate students enrolled in statistics courses in a university in Turkey. The
participants were from different disciplines such as engineering, education, and
economics. The Turkish version of the Survey of Attitudes toward Statistics-
360 (SATS-36©) was used to collect data. The SATS-36© assessed six
components of statistics attitudes: cognitive competence, value, difficulty,
effort, interest, and affect. Higher scores of the six components referred to the
more positive attitudes. In addition, the SATS-360© involved additional items
to measure students’ self-reports of mathematics achievement and statistics
outcomes. Results of the descriptive statistics analyses revealed that

iv



participants of the study had positive attitudes toward statistics except that they
had neutral perceptions about the difficulty of statistics and neutral interest in
statistics. Statistics outcomes variable was significantly correlated with
mathematics achievement, affect, value, interest, and effort variables.
Structural equation modeling was used to test the hypothesized structural
regression model. Results indicated that affect, value, cognitive competence,
and interest variables had large total standardized effects on statistics outcomes
variable. Mathematics achievement and the effort variables had small total
effects on explaining statistics outcomes. Difficulty had no statistically
significant total effect on explaining statistics outcomes. Overall, the
hypothesized structural regression model explained 66% of the total variance in

statistics outcomes, which was statistically significant.

Keywords: Attitudes toward Statistics, Self Reported Mathematics

Achievement, Statistics Outcomes, Structural Equation Model
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MATEMATIK BASARISI, ISTATISTIGE YONELIK TUTUMLAR VE
ISTATISTIK KAZANIMLARI ARASINDAKI ILISKILERI INCELEYEN
YAPISAL ESITLIK MODELI

EMMIOGLU, Esma
Doktora, Egitim Bilimleri Boliimii
Tez Yoneticisi: Do¢.Dr. Ahmet OK
Ortak Tez Yoneticisi: Yrd.Dog¢.Dr. Yesim CAPA-AYDIN

Eyliil 2011, 192 sayfa

Bu calismanin amact matematik basarisi, istatistife yonelik tutumlar ve
istatistik kazanimlar1 arasindaki yapisal iligkilerin incelenmesidir. Caligmada
tarama deseni kullanilmistir. Katilimcilar, Tiirkiye’de bir iiniversitede lisans ve
lisansiistii  egitimlerini siirdiiren ve istatistik dersi alan 247 0grenciden
olusmaktadir. Katilimcilar miihendislik, iktisat, egitim gibi farkli alanlarda
ogrenim gormektedir. Veriler Tiikce’ye uyarlanan Istatistige yonelik Tutum
Anketi (IYTA) kullanilarak toplanmustir. Istatistife yonelik Tutum Anketi,
istatistik tutumlarimin alti alt boyutunu 6l¢mektedir. Bunlar bilisgsel yeterlilik,

deger, zorluk, caba, ilgi ve duygudur. Bu boyutlardan alinan yiiksek puanlar
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ogrencilerin istatistige yonelik olumlu tutumlarinin oldugunu gostermektedir.
Istatistie yonelik Tutum Anketi, 6grencilerin matematik basarilan ile ilgili
kisisel goriisleri ve istatistik kazanimlarin1 6l¢en ek maddeler de icermektedir.
Betimleyici istatistik analizleri sonucunda katilimcilarin zorluk ve ilgi
altboyutlarinda nétiir tutumlara sahip olduklari, diger altboyutlarda ise olumlu
tutumlara sahip olduklar1 goriilmiistiir. Istatistik kazanimlarmin matematik
basarisi, duygu, biligsel yeterlilik, ilgi, ¢caba ve deger degiskenleri ile anlamli
derecede iliskili oldugu goriilmiistiir. Onerilen yapisal regresyon modelini test
etmek amaciyla, yapisal esitlik modellemesi (YEM) analizi kullanilmustir.
Analiz sonucunda duygu, deger, biligsel yeterlilik ve ilgi degiskenlerinin
istatistik kazanimlar1 iizerine toplam etki degerlerinin yiiksek ve istatistiksel
olarak anlamli oldugu bulunmustur. Matematik basaris1 ve caba
degiskenlerinin istatistik kazanimlar1 iizerine toplam etki degerlerinin kiigiik
fakat istatistiksel olarak anlamli oldugu goriilmiistiir. Ogrencilerin istatistigin
zorluguna yonelik tutumlarinin ise istatistik kazanimlarim1 ac¢iklamada toplam
etkisinin olmadig1 bulunmustur. Onerilen model istatistik kazanimlari toplam

varyansininin % 66’sin1 istatistiksel olarak anlamli derecede agiklamaktadir.

Anahtar Kelimeler: Istatistige yonelik Tutumlar, Ogrencilerin Matematik
Basarilan ile ilgili Kisisel Goriisleri, Istatistik Kazanimlar1, Yapisal Esitlik
Modeli
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CHAPTER1

INTRODUCTION

This chapter introduces the main problem of the study. It begins with the
background of the present study followed by the purpose of the study. The

chapter also includes significance of the study and definition of terms.

1.1. Background to the Study

By means of learning experiences, students are expected to know, understand,
and be able to demonstrate certain skills, behaviors, and attitudes. These
learning experiences have been defined and described by several different
learning theories. The 20™ century the most common learning theories have
been behavioral and cognitive learning theories (Bigge & Shermis, 2004).
Behavioral learning theorists explain learning as relatively permanent change
in “hierarchical, observable, and measurable behaviors” (Ornstein & Hunkins,
1998, p.133) whereas cognitive learning theorists explain learning “as an

internal change in mental associations” (Pritchard, 2008, p. 32).

Learning is not a mere acquisition of facts, it occurs in multiple dimensions
(Reid & Petocz, 2004). Educational scientists leaded by Bloom (1956)
categorized learning into three domains: cognitive, affective, and psychomotor.
Cognitive domain involves knowledge structures and abilities, psychomotor
domain deals with physical movement, coordination, and motor-area skills.
Affective domain involves students’ beliefs, attitudes, values, and emotions. In
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the taxonomy of affective domain, the learner moves from the stage of being
aware of what they are learning to the stage of internalizing a value system
(Krathwohl, Bloom, & Masia, 1964, as cited in Savickiene 2010). In this
taxonomy, the internalization of value system is assumed to control learner’s
behavior. Therefore, it is assumed that affective learning has a role in guiding
learners’ actions. Consistently, Smith and Ragan (1999) point out that any
cognitive learning has some affective component to it; and, in any level of
education, students are expected to appreciate the significance of the subjects
they are studying. The affective domain is the only one area that we can
express this expectation (Seels & Glasgow, 1990). Cognitive learning domain
has gained the most attention and has been the primary goal of education in any
field. Affective domain has not gained that much attention although it has an

important role and place in education.

As stated earlier, affective domain comprises several constructs such as beliefs,
attitudes, and emotions. From the constructs of affective domain, attitudes have
been commonly investigated in educational and psychological research. In
these studies, the importance of attitudes on human behavior has been the core
issue (Eagly & Chaiken, 2005). As stated by Bohner and Wanke, (2002)
attitudes are important, as they are central part of human individuality. People
tend to evaluate things. They love and hate, like and dislike, favor and oppose.
In addition, “when individual attitudes turn into public opinion then these
attitudes determine the social, political, and cultural climate in a society which
in turn effects the individual lives of the people in that society” (Bohner &

Wanke, 2002, p. 4).

In the context of statistics education, the place of affective domain has been no
different. Students’ attitudes toward statistics have a very recent research
background. This is partly because of the fact that statistics education is a new

research area (Shaughnessy, 2007). In the current study, as well as cognitive
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learning domain, the affective learning domain is of special interest, as this
study primarily emphasizes on the relationship among students’ attitudes

toward statistics, self-reported math achievement, and statistics outcomes.

Statistics is defined as “the department of study that has for its object the
collection and arrangement of numerical facts of data, whether relating to
human affairs or to natural phenomena” (Oxford English dictionary, n.d.), or
simply as the “science of learning from data” (Moore, 2005, p. 206). Statistics
is in our everyday lives. It is on internet, newspapers, television, and
everywhere. The reports of political elections, sports games, advertisements,
census records, weather forecasts, and many situations, which we come across

every day, use basic statistics knowledge.

“As a society, we face many issues. Securing our global competitiveness,
increasing quality and productivity, adapting to the changing composition of
the workforce, overcoming population and other threats to the environment,
addressing the needs of an aging population, and determining when to release
new treatments for diseases are but a sample of those already before us. These
and other difficult problems stand to benefit from the contributions that
statisticians can make to our understanding, and from increased statistical

literacy on the part of both policy makers and the public” (Wallman, 1993,
p-3).

As the quotation above addresses, understanding statistics is an inevitable
requisite for the individuals of developed societies. Statistics is about solving
real world problems (Hand, 1998). Therefore, it is not only needed for
conducting scientific research but also needed for being an informed citizen
and for advancing in technology as a society. However, for many years,
statistics has seen as a branch of mathematics (Greer, 2000) and the practice of

statistics has been ignored by scientific community (Nelder, 1999).



Consequently, “the understanding of statistics has remained the domain of a

selected few” (Lajoie, Jacobs, & Lavigne, 1995, p.401).

Students are introduced with statistics courses in universities from the
beginning of the 20" century (Verhoeven, 2009). In the current study, a
statistics course refers to the service course offered to undergraduate or
graduate students who are not majoring in statistics. The early statistics courses
had their roots in 1925 with the publication of the book “Statistical Methods
for Research Workers” by R.A. Fisher. During the late 1960s and early 1970s,
John Tukey’s ideas of exploratory data analysis brought revolutionary changes
in statistics courses so that students started to analyze data without spending
hours chained to bulky mechanical calculators (American Statistical
Association, 2010). In the early practice of statistics courses, the instruction
was mostly traditional. The focus was on probability theory and on specific
statistics procedures. Statistics was studied from a mathematical perspective.
Students were expected to memorize statistical knowledge and follow rules and

procedures in standard contexts (Vanhoof, 2010).

In 1990s, statistics instruction had undergone another revolution primarily as a
consequence of the inclusion of computers (Hand, 1998). Statistical software
tools enhanced statistical applications and reduced the overemphasis of
mathematics in statistics courses. Currently, many changes have been
implemented in statistics courses as more technological devices become
available for data analysis and simulations. Accordingly, the goal of statistics
education tend to emphasize more on conceptual understanding and less on
mechanics of the mathematical procedures (American Statistical Association,

2010).

Today, statistics courses are compulsory for most of the students from a broad

spectrum of Social and Natural Sciences fields. In terms of research, studies on

4



statistics education have started to accelerate recently. The first scientific
journal which was dedicated to statistics education (Statistics Education
Research Journal, SERJ) was published in 2002 (Garfield & Ben-Zvi, 2007;
Ottaviani, 2005). Since then, research on statistics education had an amazing

increase (Shaughnessy, 2007).

Researchers including mathematics and statistics educators, cognitive and
educational psychologists, and statisticians mainly focused on students’
learning in statistics and improving the cognitive side of instructions whereas
little attention has been paid to the affective side of statistics instruction (Gal &
Ginsburg, 1994; Shaughnessy, 2007). Majority of research covered studies on
cognitive learning outcomes such as statistics achievement, statistical thinking,
statistical reasoning, and statistical literacy (Gal, 2002; Garfield & Gal, 1999;
Groth, 2006; Lavigne & Lajoie, 2007; Mooney, 2002; Rumsey, 2002;
Tempelaar, Gijselaers, & Schim van der Loeff, 2007). In these studies, the role
of cognitive and demographic factors and different instructional methods on
students’ attainment of cognitive learning outcomes were investigated. Results
of these studies revealed positive contribution of mathematics achievement on
statistics achievement (Galli, Matteo, Chiesi, & Primi, 2008; Johnson &
Kuennen, 2006; Lalonde & Gardner, 1993; Nasser, 2004; Wisenbaker, Scott, &
Nasser, 2000) when demographic variables such as gender had no consistent
role on explaining cognitive outcomes in statistics (Brooks, 1987; Buck, 1985;
Fitzgerald & Jurs, 1996; Schram, 1996). Interventions such as technology use
(Christmann & Badgett, 1999; delMas, Garfield, & Chance, 1999; Liu, Lin, &
Kinshuk, 2010; Summers, Waigandt, & Whittaker, 2005) and use of real-life
examples enhanced cognitive learning outcomes in statistics (Derry, Levin,
Osana, Jones, & Peterson, 2000; Evans, 2007; Lawson, Schwiers, Doellman,

Grady, & Kelnhofer, 2003).



In addition to the research that focused on the cognitive side of statistics
education, a limited number of studies were conducted on understanding
students’ attitudes toward statistics. Most of these studies adopted survey
designs and indicated that positive attitudes toward statistics contribute to the
success in statistics courses (Chiesi & Primi, 2009; Dempster & McCorry,
2009; Evans, 2007; Limpscomb, Hotard, Shelley, & Baldwin, 2002; Sizemore
& Lewandowski, 2009; Sorge & Schau, 2002; Tempelaar et al., 2007).

Researchers also argued that students’ attitudes toward statistics are important
factors for influencing teaching-learning process and students’ statistical
behavior after they leave the classroom, and for influencing their choice of
enrolling in a new statistics course (Garfield, Hogg, Schau, & Whittinghill,
2002; Schau, 2003). In addition to the survey studies, a limited number of
experimental studies were conducted. These studies revealed that interventions
such as technology use (Carlson & Winquist, 2011; Suanpang, Petocz, &
Kalceff, 2004; Wiberg, 2009) and value-reappraisal strategy use (Acee &
Weinstein, 2010) increased students’ positive attitudes toward statistics. These
studies showed that attitudes toward statistics could be improved when

appropriate instructional methods are adopted.

Similar to the international literature, students’ attitudes toward statistics have
rarely been investigated in Turkey. Restricted number of studies revealed that
attitudes toward statistics were significantly related to statistics achievement
(Emmioglu & Capa-Aydin, 2011; Emmioglu, Capa-Aydin, & Cobanoglu,
2010). In addition, a limited number of studies were conducted to investigate
several different factors influencing students’ attitudes toward statistics (Aksu

& Bikos, 2002; Calikoglu-Bali, 2000; Dogan, 2009; Yilmaz, 2006).

As understood from the background of the study, little attention has been given

to statistics education for many years. Accordingly, research on statistics



education has newly aroused interest in the scientific community
(Shaughnessy, 2007). When most of the statistics education research focused
on the cognitive side of statistics instruction, small but growing number of
studies focused on the affective side of statistics instruction. These studies
pointed out the importance of students’ attitudes toward statistics and the

urgent need for investigating affective factors in statistics education.

1.2. Purpose of the Study

The aim of this study is to investigate the structural relationships among
mathematics achievement, attitudes toward statistics, and statistics outcomes
by testing a structural model, which is called “Statistics Attitudes-Outcomes
Model”. The model is based on Eccles and colleagues’ application of
expectancy value theory of achievement motivation to the mathematics
education (Eccles, 1983; Eccles & Wigfield, 1995). The model is also based on
the Statistics Attitudes-Achievement Structural Model (Sorge & Schau, 2002).

The current study examines both the overall model fit and the relationships
among mathematics achievement (self reported previous and overall
mathematics achievement), attitudes toward statistics (affect, cognitive
competence, difficulty, value, interest, effort), and statistics outcomes (total
grade earned at the end of taking the statistics course, willingness to use
statistics in the remainder of the degree program, and willingness to use
statistics when employed). The conceptual structure of the proposed model is

presented in Figure 1.1.
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Figure 1.1 Conceptual Structure of the Statistics Attitudes-Outcomes Model

1.3. Significance of the Study

Students who take statistics courses from a variety of social and natural
sciences disciplines are expected to be equipped with the statistical skills and to
be motivated to use statistics at the end of their education. However, literature
demonstrates that the current situation of statistics education is on the contrary
(Garfield & Ben-Zvi, 2007). Statistics have a negative reputation among
students. Students have anxiety and negative feelings about statistics
(Onwuegbuzie & Wilson, 2003; Snee, 1993). Some of them even call statistics
as “sadistics” (Lalonde & Gardner, 1993). Current studies suggest that statistics
courses are needed to be revised in a way to motivate students to learn statistics
(Carnell, 2008; Dempster & McCorry, 2009; Murtonen & Lehtinen, 2003;
Wiberg, 2009). Therefore, it is highly important to conduct more research on
understanding the role of attitudes in statistics education. Only by this way, it
might be possible to find out why students have certain attitudes toward
statistics and to suggest ways to increase and maintain students’ positive
attitudes toward statistics. Eventually, the quality of statistics education would

increase with the help of such studies (Garfield, et al., 2002).



There have been some attempts to understand students’ attitudes toward
statistics but several drawbacks were evident in most of these early studies.
Firstly, most of these studies were based on experiences of researchers, instead
of educational and cognitive models (Bartsch, 2006; Evans, 2007; Rhoads &
Hubele, 2000; Wiberg, 2009). Secondly, there have been strong inconsistencies
with the use of instruments measuring attitudes toward statistics and most of
the existing instruments were widely criticized in terms of their internal
structures (Rhoads & Hubele, 2000; Schau, Stevens, Dauphinee, & Del
Vecchio, 1995; Waters, Martelli, Zakrajsek, & Popovich, 1988). Lastly, most
of these studies have focused on a small part of relationships between attitudes
and achievement but have not investigated the complex or structural
relationships (Dempster & McCorry, 2009; Lawless & Kulikowich, 2006).
This study has some characteristics, which would contribute to the present
literature and the practice of teaching statistics by attempting to ameliorate

some of the shortcomings mentioned above.

First, this study is based on a theoretical background. The proposed and tested
structural model of the study is based on Eccles and colleagues’ application of
expectancy value theory of achievement motivation to the mathematics
education (Eccles, 1983, 2005; Eccles & Wigtfield, 2002; Wigfield, Tonks, &
Klauda, 2009). It is expected that the study would contribute to the current
literature by suggesting a way to apply Eccles’ expectancy value model in the
context of statistics education. By testing the model, it is expected that this
study would contribute to the literature in general by investigating the
relationships among several affective and cognitive factors in the context of
statistics education. In addition, the current study would help researchers to
adapt the proposed model for different subjects such as science and

mathematics education.



Second, the study utilizes the most current, widely validated, and theoretically
grounded instrument, Survey of Attitudes Toward Statistics-36© (SATS-360©),
to assess students’ attitudes toward statistics. Thus, it is expected that the
current study would also contribute to the literature by using a current and

widely recognized instrument.

Third, in the current study, statistics outcomes variable not only includes
statistics achievement but also students’ willingness to use statistics in the
remainder of degree program and willingness to use statistics when employed.
By this way, the current study makes an original and fundamental contribution
to literature since students’ attitudes are seen important for influencing
students’ statistical behavior after they leave the classroom (Gal, Ginsburg, &

Schau, 1997).

Fourth, this study would contribute to the Turkish literature and to the practice
of statistics education in Turkey. By translating and adapting SATS-36© into
Turkish language and culture, researchers and statistics educators would be
stimulated to investigate Turkish students’ attitudes toward statistics. In
addition, as there are a limited number of research studies on statistics
education in Turkey, the results of the study would suggest new directions for
future studies. By means of this study, it might also be possible to conduct

cross-cultural comparisons between Turkish and other country samples.

The last but not the least, the current study is significant in terms of its
contribution to the quantitative scientific research in general terms; because,
the current study attracts attention to the importance of statistics and statistics
education. It is a widely known fact that statistics is an important tool for a
variety of natural science and social science disciplines. For this reason, the

current study would make a significant contribution to the advancement of the
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analysis procedures of quantitative research in general by putting emphasis on

students’ attitudes toward statistics and on students’ statistics outcomes.

1.4. Definition of Terms

Attitudes toward Statistics are defined as individuals’ learned positive or
negative responses with respect to statistics. Attitudes toward statistics is also
described as a multidimensional concept that consist of affective (emotions and
motivations), cognitive (beliefs about the ability to learn statistics), and
behavioral (action tendencies in studying statistics) components (Coetzee &
van der Merwe, 2010). In the present study, this broad construct consists of six
components: affect, value, cognitive competence, interest, difficulty, and effort.
Accordingly, individuals with positive attitudes toward statistics are assumed
to have positive feelings toward statistics. They value statistics and they have
cognitive competence and interest in statistics. They perceive statistics as a
subject that is not difficult and they spend effort to do well in statistics (Schau,
2003).

Cognitive Competence is defined as students’ perceptions about their
intellectual knowledge and skills when applied to statistics (Schau, 2005) along

with their expectancies for success in statistics (Sorge & Schau, 2002).

Affect 1s defined as students’ positive and negative feelings concerning

statistics (Schau, 2005).

Value is defined as students’ attitudes about the usefulness, relevance, and

worth of statistics in personal and professional life (Schau, 2005)..

Difficulty is defined as students’ attitudes about the difficulty of statistics as a
subject (Schau, 2005).

11



Effort is defined as the amount of work students spend to learn statistics
(Schau, 2005).

Interest is defined as students’ level of individual interest in statistics (Schau,

2005).

Mathematics Achievement, is defined, in this study, as the evidence of self-

reported previous and overall mathematics achievement.

Statistics Outcomes are defined, in this study, as the students’ statistics
achievement levels and future use of statistics. In the current study, statistics
outcomes involve three components: statistics achievement, willingness to use
statistics in the remainder of the degree program, and willingness to use

statistics when employed.
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CHAPTER 2

REVIEW OF LITERATURE

This chapter includes a brief overview of the research and theoretical
background for attitudes toward statistics. The chapter begins with brief
information on attitude and attitude research in general. Next, theoretical
framework for “Statistics Attitudes-Outcomes Model” is presented followed by
the measures of attitudes toward statistics, review of research on attitudes
toward statistics, and brief information on Statistics Attitudes-Achievement
Model that the hypothesized model of the current study was based on. The
chapter ends with the review of research on attitudes toward statistics in

Turkey followed by a summary section.

2.1. Attitude and Attitude Research

The word “attitude” was used to describe the spatial orientation or visible
position of physical objects such as statues or paintings. It derived from the
Latin word “aptus” which refers to the “fitness” or “adaptedness” and to the
“aptitude” that connotes a subjective or mental state of preparation for an
action (Allport, 1937; Breckler & Wiggins, 1989). In psychology, the construct
of attitude has not had a globally accepted definition for a long period of time;
therefore, there had been little agreement on the meaning of attitude (Pratkanis,
1989). The starting point for the definition of attitude was accepted as Gordon
W. Allport’s (1935) definition of attitude. He stated, “attitude is a mental and

neural state of readiness, organized thorough experience, exerting a directive or
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dynamic influence upon the individual’s response to all objects and situations
with which it is related” (Allport, 1935, p.810). More recently, attitude was
defined as ‘““a disposition to respond favorably or unfavorably to an object,
person, institution or an event” (Ajzen, 2005, p.3), or as “learned cognitive,
affective and behavioral predispositions to respond positively or negatively to
certain objects, situations, institutions, concepts or persons” (Aiken, 2002, p.3).
As understood from these definitions, one important characteristic of attitudes
is that attitudes are evaluative, they are expressed in evaluative terms as
favorably or unfavorably (Eiser & van der Pligt, 1988). Another important
point is that attitude is a multidimensional construct that includes cognitive,

affective and behavioral components (Aiken, 2002).

Attitudes have been studied for over a hundred year (Ostrom, 1989). In the
early years, attitude research was seen as a distinctive field, even that the social
psychology was called as the scientific study of attitudes (Wallace, Paulson,
Lord, & Bond Jr., 2005). The two decades between 1930 and 1950 was
accepted as the beginning of extensive empirical and theoretical studies of
attitudes (Ostrom, 1968). From the beginning of the attitude research,
prediction of behavior has always been a core issue in the study of attitudes
(Eagly & Chaiken, 2005) and attitudes have been assumed to be related with
behaviors (Holland, Verplanken, & Van Knippenberg, 2002). The traditional
way of looking at the attitude-behavior relationship was that attitudes cause
behaviors (Eiser & van der Pligt, 1988). Despite the fact that the view
“attitudes cause behaviors” was abandoned by some of the current researchers,
the assumption that there is a relationship between attitudes and behaviors has
been widely accepted until present. An everyday example to this assumption is
that huge amount of money has been invested on advertisements because of the
belief that consumers’ attitudes toward a commercial product influence their
decisions to purchase the product (Maio & Haddock, 2004). From a more

scientific perspective, several meta-analysis studies were conducted to test the
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relationships between attitudes and behaviors. These studies reported a
moderate and statistically significant relationship, r = .30 to .41, between
attitudes and behavior (Kraus, 1995; Wallace, Paulson, Lord, & Bond Jr.,
2005). From the theoretical perspective, several theories have focused on the
role of attitudes on explaining human behaviors. These theories include social
cognitive theory, self-efficacy and self-determination theories, self-regulation
theories, interest theories, control theory, attribution theory, goal theories, and

expectancy value theories.

In sum, attitude is a multidimensional construct that involves individuals’
positive or negative dispositions toward certain objects or situations. It has
been studied for many years in education and psychology in which the
relationship between attitudes and behavior has been the core issue. Many of
these empirical and theoretical studies suggested that attitudes play important

roles in human behavior.

2.2. A Theoretical Framework for the “Statistics Attitudes-Outcomes

Model”

As mentioned above, many theories have attempted to explain the relationship
between individuals’ attitudes and behaviors. Being focused on the
relationships among students’ attitudes toward statistics, mathematics
achievement, and statistics outcomes, the “Statistics Attitudes-Outcomes
Model” is congruent with several theories. Presenting all of these theories is
beyond the scope of this study. However, it is beneficial to provide brief
information about the major theories that form the basis of “Statistics

Attitudes-Outcomes Model.”

Learning Theories A learning theory is defined as a “systematic integrated

outlook in regard to the nature of the process whereby people relate to their
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environments in such a way as to enhance their ability to use both themselves
and their environments in a most effective way” (Bigge & Shermis, 2004, p.3).
There are as many learning theories as theorists (Kiesler, Collins, & Miller,
1969). However, it is possible to classify the twentieth century learning
theories into two broad families: behavioral and cognitive learning theories
(Bigge & Shermis, 2004). These theories explain the role of attitudes on human
learning from different point of views. Although behavioral learning theories
do not deny the affective dimension of learning, their justification is implicit.
They propose that the behaviors that have been reinforced or rewarded in the
future are likely to be repeated. This postulate that individuals’ readiness and
willingness should be ensured before they learn. In a different way, cognitive
learning theories explicitly emphasize the role of attitudes on learning. In
cognitive learning theories, not only students’ learning information but also
their attitudes are important. For example, cognitive learning theories such as
Bandura’s social cognitive theory contends that students’ goals, expectations,
and competence are the important factors influencing their performance and
developmental status (Schunk, 2008). In sum, different learning theories deal
differently with the status of attitudes in learning. However, all of them
emphasize the significance and the need for having positive attitudes toward

the process of learning and toward the subject learned.

“Statistics Attitudes-Outcomes Model” is congruent with learning theories
because it assumes that beside cognitive factors (mathematics achievement in
“Statistics Attitudes-Outcomes Model”), affective factors (attitudes toward
statistics in “Statistics Attitudes-Outcomes Model”) play important role in
students’ attainment of learning objectives (statistics outcomes in “Statistics

Attitudes-Outcomes Model”).

Self-Efficacy Theory assumes that individuals’ judgment of their efficacy is a

function of the task, situational characteristics operating at the time, their prior
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experience and beliefs about the task, and their current beliefs and feelings as
they work on the task (Pintrich, 2003). In other words, individuals’ perceived
self-efficacy is influenced by four determinants. These are (1) previous
performance accomplishments which 1is based on personal mastery
experiences, (2) vicarious experiences of observing others succeed through
their efforts, (3) verbal encouragement by others, and (4) ones’ physiological
reactions from which people judge their level of anxiety and vulnerability to
stress (Bandura & Adams, 1977; Wigfield, Eccles, Schiefele, Roeser, & Davis-
Kean, 2006). The theory postulates that individuals who have self-efficacy
work harder and persist longer when they meet difficulty than those who do not
(Schunk, 1991). The self-efficacy theory also postulates that self-efficacy is not
the sole determinant of behavior. It hypothesizes that “given appropriate skills
and adequate incentives, efficacy expectations are a major determinant of
people’s choice of activities, how much effort they will expend, and of how
long they will sustain effort in dealing with stressful situations” (Bandura,
1977, p. 194). In sum, self-efficacy theory proposes that people who have the
necessary skills and the reasons to perform well and think that they can
perform well do better than people who think that they will fail on a task
(Bandura, 1977; Gist & Mitchell, 1992).

In “Statistics Attitudes-Outcomes Model”, students’ perceptions about their
capabilities in statistics are represented by cognitive competence variable. In
the model, students’ perceptions about the difficulty of statistics and their self-
reported mathematics achievement are the determinants of cognitive
competence. From this perspective, “Statistics Attitudes-Outcomes Model” is
consistent with the proposal of self-efficacy theory that individuals’ self-
efficacy is a function of their prior beliefs about the task and their experience.
In addition, ‘“Statistics Attitudes-Outcomes Model” is consistent with self-
efficacy theory as it suggests that when students have high self-efficacy they

spend effort to work hard and they have higher achievement. Moreover, like
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self-efficacy theory, the “Statistics Attitudes-Outcomes Model” regards not
only students’ cognitive competence but also incentives such as students’

interests, affect and value toward statistics.

Self-Determination Theory assumes that all individuals have natural, innate and
constructive tendencies to develop a unified sense of self (Deci & Ryan, 2002).
In other words, the theory views human beings as “proactive organisms whose
natural and intrinsic functioning can be either facilitated or impeded by the
social context” (Deci, Eghrarl, Patrick, & Leone, 1994). Thus, individuals are
assumed to involve both autonomy (inner organization and self-regulation) and
homonomy (integration of oneself with others). The theory suggests that
healthy development involves the complementary functioning of these two
aspects. Self-determination theory has focused on the factors that enhance or
undermine the natural processes of self-motivation. After conducting research
on investigating these factors, the proponents of the self-determination theory
proposed that contexts supportive of three human needs (autonomy,
competence, and relatedness) foster greater self-motivation than contexts that
thwart satisfaction of these needs (Ryan & Deci, 2000). Therefore, self-
determination theory posits that an understanding of human motivation
requires the consideration of psychological needs for competence, autonomy
and relatedness (Deci & Ryan, 2000; Deci, Vallerand, Pelletier, & Ryan,
1991). In this theory, competency refers to “feeling effective in one’s ongoing
interactions with the social environment and experiencing opportunities to
exercsise and express own capacities”. Relatedness is defined as “the tendency
to connect with and accepted by others”. Autonomy is defined as “being the
perceived origin of one’s own behavior which acts from interest and integrated
values” (Deci & Ryan, 2002, pp.7-8). The theory suggests that the
identification of these three needs is significant for individuals who wish to
motivate others in a way that engenders commitment, effort and high

performance (Ryan & Deci, 2000). In sum, Deci and Ryan’s self determination

18



theory postulates that individuals’ behavior is self determined by promoting
their (1) autonomy, which derive from their interest and valuing, (2)
confidence in their own capacities, and (3) relatedness to their social
environments (Deci et al., 1991). The theory suggests that when individuals are
self-determined they tend to be psychologically healthier and intrinsically
motivated (Wigfield et al., 2006).

“Statistics Attitudes-Outcomes Model” is consistent with self-determination
theory as the theory suggests that students are expected to spend effort and to
have higher achievement when they have confidence and autonomy. In other
words, “Statistics Attitudes-Outcomes Model” is consistent with self-
determination theory with regard to focusing on students’ cognitive
competence, personal interest and valuing of the task for achieving the desired

goals.

The Theory of Planned Behavior asserts that the immediate cause of a behavior
is behavioral intention. According to this theory, the three determinants of
behavioral intentions are attitudes toward the behavior, subjective norm and
perceived behavioral control (Bohner & Wanke, 2002). In this theory, attitudes
toward the behavior are the degree to which a person has a
favorable/unfavorable evaluation of the behavior. Subjective norm is the
perceived social pressure to perform or not to perform the behavior. Perceived
behavioral control is the self-efficacy with respect to the behavior. Behavioral
intention refers to the effort individuals are planning to exert in order to
perform the behavior (Ajzen, 1991). To this theory, the more favorable the
attitudes, the perceived behavioral control and the subjective norm with regard
to the behavior, the stronger should be an individual’s intention to perform the

behavior (Ajzen, 2005).
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“Statistics Attitudes-Outcomes Model” and the theory of planned behavior
share similar constructs. In theory of planned behavior, the focus is on
individuals’ attitudes toward any behavior whereas ‘“Statistics Attitudes-
Outcomes Model” specifically focuses on students’ attitudes toward statistics.
Cognitive competence in Statistics Attitudes-Outcomes model refers to
students’ perceptions about their intellectual knowledge and skills when
applied to statistics (Schau, 2005). Similarly, in theory of planned behavior,
perceived behavioral control refers to the self-efficacy with respect to the
behavior. In theory of planned behavior, behavioral intention refers to the
effort individuals are planning to exert in order to perform the behavior.
Likewise, in “Statistics Attitudes-Outcomes Model”, effort refers to the amount
of work students spend to learn statistics (Schau, 2005). Lastly, Statistics
Attitudes-Outcomes Model focuses on statistics outcomes as the ultimate
behavior. The components of the theory of planned behavior and the
corresponding components of the “Statistics Attitudes-Outcomes Model” are

presented in Table 2.1.

Table 2.1

Corresponding Components of “Statistics Attitudes-Outcomes Model” to the
Theory of Planned Behavior

Components of Components of
“Statistics Attitudes-Outcomes Model” The Theory of Planned Behavior
Attitudes toward statistics Attitude toward the behavior
Cognitive competence Perceived behavioral control
Effort Behavioral intention
Statistics outcomes Behavior

As seen in Table 2.1, “Statistics Attitudes-Outcomes Model” is congruent with
the theory of planned behavior. First, the theory of planned behavior suggests
that perceived behavioral control is the determinant of individuals’ behaviors

and behavioral intentions. Similarly, in “Statistics Attitudes-Outcomes Model”
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students’ cognitive competence in statistics is a determinant of students’
statistics outcomes and the effort they spend to learn statistics. Second, the
theory of planned behavior suggests that behavioral intention is the immediate
cause of a behavior. In a similar point of view, in “Statistics Attitudes-
Outcomes Model”, the effort students spend to learn statistics is related to their

statistics outcomes.

The Eccles’ et al. Expectancy-Value Model of Achievement Performance and
Choice (which is called Eccles’ Model throughout the remainder of this study)
is one of the most influential theories on explaining individuals’ nature of
achievement performance and achievement related choices (Wigfield & Eccles,
2002). Eccles and her colleagues developed their model based on expectancy
value theory and applied it to the mathematics education (Eccles, 1994;
Wigfield & Eccles, 2000, 2002). Expectancy value theory proposes that
individuals’ expectancies for success and the subjective value they attach for
succeeding are important determinants of individuals’ motivation to perform
different achievement tasks; their choices of which tasks to pursue, and their
persistence and performance (Atkinson, 1957; Denissen, Zarrett, & Eccles,

2007; Eccles, 1994; Wigfield & Eccles, 2000, 2002).

“Expectancy of success” is defined as a cognitive anticipation that performance
of some act is followed by a particular consequence (Atkinson, 1957).
Similarly, expectancies were also defined as the beliefs about how one will do
on upcoming tasks or activities either in the immediate or longer-term future
(Eccles, 1983; Eccles & Wigfield, 2002; Wigfield & Eccles, 2002). Atkinson
(1957) defined “value” as the relative attractiveness of succeeding or failing on
a task. Eccles and Wigfield (2002) defined subjective task values as how a task
meets different needs of individuals. They conceptualized subjective task
values in four components: attainment value, intrinsic value, utility value, and

cost (Eccles, 1994; Wigfield & Eccles, 2000, 2002; Wigfield, Tonks, &
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Klauda, 2009). The comparison of the corresponding components of “Statistics
Attitudes-Outcomes Model” is presented in Table 2.2 followed by the

explanation of the comparison of two models.

Table 2.2

Corresponding Components of “Statistics Attitudes-Outcomes Model” to
Eccles’ Model

“Statistics Attitudes Outcomes Model” Eccles’ Model
- Mathematics achievement - Previous achievement related experiences
- Affect - Affective memories & Intrinsic value
- Cognitive competence - Self-concept of one’s abilities & Expectation
of success
- Value - Attainment value & Utility value
- Difficulty - Perception of task demand
- Interest - Interest-enjoyment value
- Effort - Cost
- Statistics outcomes - Achievement related choices and performance

Eccles’ Model hypothesizes that individuals’ performance and achievement
related choices are directly influenced by their expectancies for success and the
subjective value that they attach for succeeding (Atkinson, 1957; Denissen,
Zarrett, & Eccles, 2007; Eccles, 1994; Wigtfield & Eccles, 2000; 2002;
Wigfield, Tonks, & Klauda, 2009). In other words, their model suggests that
individuals select the tasks for which they have the highest expectations for
success and to which they attach the greatest subjective task value (Denissen,
Zarrett, & Eccles, 2007). Eccles’ Model proposes that students’ expectancies
for success and subjective task values are influenced by other achievement
related beliefs (achievement goals, self-schemata, and task specific beliefs).
These beliefs are influenced by interpretations of previous performance,
interpretations of other’s attitudes and expectations, and memories of similar
tasks. The model also links these beliefs to various other contextual and
cultural influences such as cultural norms, experiences, aptitudes, personal
beliefs, and attitudes (Eccles, 1994; Wigfield & Eccles, 2000; 2002). The

model is demonstrated in Figure 2.1.
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Figure 2.1 Eccles’ Expectancy-Value Model of Achievement Performance and
Choice (Source: Wigfield et al., 2009. Reprinted with permission from the publisher).

In the current study, Eccles’ Model is adopted as a main theoretical framework
primarily for two reasons. First, the expectancy value theory is one of the most
comprehensive theories that can be used to explain the role of attitudes on
understanding students’ academic behaviors in statistics (Ramirez, Emmioglu,
& Schau, 2010; Schau, 2003). Second, the Survey of Attitudes toward
Statistics-360, (SATS-36©) which is based on expectancy value theory
(Schau, 2003; Tempelaar et al., 2007) was utilized in this study. Although
Eccles’ Model and “Statistics Attitudes-Outcomes Model” has essential
similarities, these two models have some differences. These differences along

with their reasons are the following:

1. Previous achievement related experiences component in Eccles’ Model is
represented by mathematics achievement (self-reported past and overall
mathematics achievement) component in “Statistics Attitudes-Outcomes

Model”.

2. In Eccles’ Model, individuals’ perception of task demand is conceptualized

as the difficulty of the subject for a specific student; however, in “Statistics
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Attitudes-Outcomes Model”, difficulty is defined as the students’ attitudes
toward the difficulty of statistics as a subject for general people (Schau,

2003).

Self-concept of one’s abilities and expectation of success components in
Eccles’ Model are combined into cognitive competence component in
“Statistics Attitudes-Outcomes Model”. The reason for this modification is
that Eccles and her colleagues reported that these two constructs cannot be
distinguished empirically (Denissen et al., 2007; Eccles, O’Neill, &
Wigfield, 2005; Eccles & Wigfield, 1995; Wigfield & Eccles, 2000).

The two dimensions of Eccles’ subjective task value, attainment value and
utility value, are combined into one value component in “Statistics
Attitudes-Outcomes Model” as individuals’ views of the importance and
usefulness of the statistics are measured by the value subscale of SATS-

360 in the current study.

In Eccles’ model, subjective task value component involves intrinsic value,
cost, and attainment and utility value constructs. In “Statistics Attitudes-
Outcomes Model”, effort (similar to cost variable in Eccles Model), value,
and interest variables are represented as distinct constructs. Intrinsic value
and affective memories components of Eccles’ Model are represented by
Affect component in “Statistics Attitudes-Outcomes Model”. The reasons
for separating these constructs is that it is confirmed by the existing
empirical studies that affect, value, interest and effort are empirically
distinct constructs (Hilton et al., 2004; Schau et al., 1995; Tempelaar et al.,
2007; Verhoeven, 2009). In addition, these constructs are theoretically
distinct as summarized previouslt in the theoretical background of the

“Statistics Attitudes-Outcomes Model”.
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Based on Eccles’ Model, the “Statistics Attitudes-Outcomes Model” has many

aspects that are similar to Eccles’ Model especially with regard to the

relationships that they suggest. These similarities are presented as the

following:

1.

In Eccles’ Model, it is assumed that previous achievement related
experiences impact students’ affective memories which affect students’
subjective task values attributed to the achievement choices. In addition, it
is proposed that subjective task values affect students’ achievement choices
and performances. Similarly, “Statistics Attitudes-Outcomes Model”
proposes that mathematics achievement (self reported past and general
math achievement) is directly related to students’ affect toward statistics,
which in turn is directly related to students’ perception about the value of
statistics and their personal interest in statistics. Statistics Attitude-
Outcomes Model also assumes that students’ perceptions about the value of

statistics are directly related to statistics outcomes.

In Eccles” Model, students’ expectancies of success are influenced by their
perceptions of task demands. Similarly, in “Statistics Attitudes-Outcomes
Model”, it is proposed that students’ perceptions about the difficulty of
statistics is directly related to the students’ cognitive competence in

statistics.

In Eccles’ Model, it is proposed that individual’s perception of task
demands influence their interest-enjoyment value. Similarly, in “Statistics
Attitudes-Outcomes Model”, it is proposed that students’ perceptions of the
difficulty of statistics is directly related to students’ personal interest in

statistics.
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4. In Eccles’ Model, it is proposed that individuals’ self-concept of abilities
impacts their perceptions of the amount of cost that is to be taken for
accomplishing the task which in turn impact individuals’ achievement
choices and performances. Similarly, in “Statistics Attitudes-Outcomes
Model”, it is proposed that students’ cognitive competence in statistics is
directly related to the effort they spend to learn statistics, which in turn is

directly related to the statistics outcomes.

Overall, “Statistics Attitudes-Outcomes Model” is congruent with Eccles’
application of expectancy value theory. Because, “Statistics Attitudes-
Outcomes Model” assumes that students’ mathematics achievement,
perceptions of their ability for learning and doing statistics, their perceptions
about the difficulty of statistics, their affect toward statistics, their personal
interest in statistics, the effort they spend to learn statistics, and their valuing of

statistics are the important factors for explaining students’ statistics outcomes.

2.3. Measures of Attitudes Toward Statistics

“It will be conceded at the outset that an attitude is a complex affair which
cannot be wholly described by any single numerical index” (Thurstone, 1928,

p.530).

Although attitudes are routinely represented by a single numerical index; social
scientists have long recognized that this practice is insufficient to capture all
relevant properties of attitudes (Fabrigar, MacDonald, & Wegener, 2005).
Attitude is a hypothetical construct which is inaccessible to direct observation
and should be inferred from measurable responses (Ajzen, 2005). Since
Thurstone (1928) declared that attitudes could be measured, attitude
instruments have started to be developed alongside the different conceptual
definition of attitudes. In these instruments, researchers primarily have focused

on explicit self-reports and the evaluative feature of attitudes (Vargas, 2004).
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In terms of statistics attitudes, a number of instruments have been developed to
assess students’ attitudes toward statistics starting from 1980s. Similar to the
earlier attitude instruments, most of the statistics attitudes instruments focused
on self-reports and evaluate characteristic of attitudes. However, these
instruments are inconsistent in terms of the multidimensionality of attitudes.
They have diverse viewpoints in terms of the number and content of the
components that comprise students’ attitudes toward statistics as explained
below. The instruments that attempts to measure students’ attitudes toward
statistics include Statistics Attitudes Survey (Roberts & Bilderback, 1980),
Attitudes Toward Statistics (Wise, 1985), Multi-factorial Scale of Attitudes
Toward Statistics (Auzmendi, 1991), and Students Attitudes Toward Statistics
(Sutarso, 1992). These instruments are presented in Table 2.3 along with their
components and internal consistency values represented by Cronbach alpha

coefficients.

Table 2.3

Some Examples of the Early Attitudes Toward Statistics Measures

Instruments Components Cronbach
alpha
SAS: Statistics Attitudes Survey
(Roberts & Bilderback, 1980) One component 90-95
. .. . 1..90
ATS: Attitudes Toward Statistics: Course, Field 2 9
(Wise, 1985) o
MSATS: Multi-factorial Scale of Motivation, Enjoyment, Anxiety, 60- 87
Attitudes Toward Statistics Confidence, Usefulness ’ ’
(Auzmendi, 1991)
Students’ interest and future
applicability, Relationship and impact 36
STATS: Students Attitudes toward of the instructor, Attitude toward (for .overall
Statistics (Sutarso, 1992) statistical tools, Self-confidence, scale)

Parental influence, Initiative and
extra effort in learning statistics

The most commonly used attitudes toward statistics instruments were Statistics

Attitudes Survey (Roberts & Bilderback, 1980), Attitudes toward Statistics
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(Wise, 1985), and Survey of Attitudes toward Statistics© (SATS©O, Schau et
al., 1995). As far as is known, Statistics Attitudes Survey (SAS) was the first
instrument developed to measure attitudes toward statistics. It is a one-
dimensional, five-point Likert-type scale with 33 items. The reliability
coefficients were reported as ranging from .90 to .93 when the instrument was
administered to graduate students taking introductory statistics courses
(Roberts & Bilderback, 1980; Roberts & Reese, 1987; Roberts & Saxe, 1982).
Although SAS has been widely used, some problems have been reported about
the content and internal structure of the survey. Some of these problems can be
listed as following: the instruments’ assumption that attitudes are one-
dimensional, some items measure students’ knowledge of statistics rather than
their attitudes, and the instrument is not suitable for the administration at the
beginning of a statistics course (Gal & Ginsburg, 1994; Rhoads & Hubele,
2000; Schau, 2003; Waters et al., 1988; Wise, 1985).

Five years after the development of SAS, Wise (1985) developed his Attitudes
toward Statistics (ATS) scale. Like SAS, this instrument had a five-point
Likert-type scale. It consisted of 29 items with two components: attitudes
toward statistics course and attitudes toward statistics field. Wise (1985)
reported reliability coefficients as .92 for field and .90 for course subscales,
which indicated that he had highly reliable scores when the instrument was
administered to the sample of introductory educational statistics students
(n=92). Although Wise (1985) developed his instrument to solve the problems
voiced for SAS, his instrument was also criticized in recent studies. Some of
these studies argued that the field and course components of ATS did not cover
attitudes toward statistics construct and this two component structure had not
been validated appropriately (Gal & Ginsburg, 1994; Schau, 2003; Schau et al.,
1995).
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In sum, the early statistics attitudes instruments along with the mostly used
ones had high internal consistency values in several studies. However, these
instruments were not conclusive in terms of their subscales. There was no
consistency on the components of the instruments that attempt to measure
students’ attitudes toward statistics. Moreover, the development of the early
statistics attitude measures was not based on solid theoretical background. This
is a very important point to mention as it caused problems for comparing
research that conducted with different measures assessing different components
of statistics attitudes. Therefore, there existed a need for the development of a
new instrument, which would have a strong theoretical background and well

defined components with an acceptable factorial structure.

Schau et al. (1995) suggested that a statistics attitude survey should have
several characteristics. Some of these characteristics were that the scale should
include the most important dimensions of attitudes, it should be applicable to
different statistics courses, it should involve students’ input during the survey
development process, and its content validity and internal structure should be
supported through confirmatory analysis techniques. Schau, et al. (1995)
argued that none of the existing statistics attitude surveys had all of these
characteristics. Therefore, they developed Survey of Attitudes toward

Statistics© (SATS©) to include these characteristics.

Survey of Attitudes toward Statistics© (SATS©) has a seven-point response
scale (1=strongly disagree, 4= neither disagree nor agree, 7= strongly agree) in
which higher scores corresponds to positive attitudes (Appendix A). The
survey is available in pre and post versions to measure attitudes toward
statistics at the beginning and at the end of the course. The survey was initially
developed with 28 items assessing four components: affect, value, cognitive
competence and difficulty. More recently, two other components: effort and

interest were added to the instrument based on Eccles’ expectancy value theory
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(Schau, 2003). Hence, the current Survey of Attitudes toward Statistics-36©
(SATS-360©) yields six components with 36 items. In addition to the 36 items,
SATS-36© includes items that assess other constructs such as students’

characteristics and previous achievement in mathematics.

SATS-28© and SATS-36© have been used in a number of studies that
involved samples with different educational levels, majors and nationalities
(Barkatsas, Gialamas, & Bechrakis, 2009; Chiesi & Primi, 2009; Coetzee &
van der Merwe, 2010; Tempelaar et al., 2007; Verhoeven, 2009). These studies
exhibited that the survey has good psychometric properties.

The six-factor structure of the SATS-360© has been validated with maximum
likelihood confirmatory factor analysis techniques and the results demonstrated
a very good fit of the data to the hypothesized six-factor model (Tempelaar et
al., 2007; Verhoeven, 2009). Similarly, the internal consistency values for the
six components of SATS-36© exhibited high values. Cronbach alpha
coefficients were reported as the following: affect = .80-.82, cognitive
competence = .77-.85, value = .78-.88, difficulty = .68-.79, interest= .80-.90,
effort .76-.80 (Carnell, 2008; Tempelaar et al., 2007; Verhoeven, 2009). The
Cronbach alpha values that are calculated in some of the current studies were

presented in Table 2.4.

Table 2.4
Comparison of Cronbach Alpha Values of SATS-36© Subscales in Different
Studies

Tempelaar et al., Carnell, 2008 Verhoeven,

2007 2009
Affect .82 .81 .80-.82
Cognitive Competence 718 .85 77-.82
Value .78 .88 .[78-.82
Difficulty .68 .79 71-.75
Interest .80 .90 .83-.84
Effort .76 .79 .80
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As seen in Table 2.4, difficulty subscale had the lowest Cronbach alpha values
in all of the three studies. Interest subscale had the highest Cronbach alpha
values in Carnell (2008) and Verhoeven’s (2009) studies, whereas Affect
subscale had the highest Cronbach alpha value in Tempelaar et al.”s (2007)
study.

2.4. Review of Research on Attitudes Toward Statistics

Studies on statistics attitudes can be categorized as correlational, longitudinal,
and experimental with regard to their research designs. In addition, structural
models were tested to examine the structural relationships among several
attitudes toward statistics variables and statistics outcomes. In this section, a
brief description was given to describe the current literature on statistics
attitudes followed by the national literature involving statistics attitudes

research conducted in Turkey.

2.4.1. Correlational Studies

Several studies have been conducted to examine the correlates of attitudes
toward statistics. Some of the early studies investigated the relationship
between attitudes toward statistics and statistics achievement. In 1954, Bendig
and Hughes conducted a study with two samples of 50 and 71 students. They
reported that attitudes toward statistics accounted for four to five percent of
variability in students’ statistics achievement. Twenty-four years later,
Feinberg and Halperin (1978) supported their findings with a sample of
students (n = 278) enrolled in introductory statistics courses. They found that
course performance was positively correlated with students’ attitudes toward
quantitative subjects and negatively correlated with state-trait anxiety. Taken
together, these early studies demonstrated the existence of positive

relationships between attitudes toward statistics and statistics achievement.
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The correlational studies on students’ attitudes toward statistics were
accelerated during the past twenty years. The recent research that focused on
the relationship between attitudes toward statistics and achievement in statistics
mostly resulted in statistically significant and positive correlations. For
example, Perney and Ravid (1990) found that master degree education
disciplines students’ (n = 68) course performance was significantly correlated
with their previous attitudes toward statistics courses, but not with attitudes
toward the statistics field. Likewise, Vanhoof et al. (2006) reported positive
correlations between attitudes toward statistics as a course and short term
statistics exam results when they collected data from education disciplines
students (n = 72) in Belgium. At the same year in United States, Lawless and
Kulikowich (2006) supported previous studies. They collected data from
undergraduate and graduate students (n = 267) and found positive and
statistically significant relationship between students’ interest in statistics and
statistics knowledge. Collecting data from Italian education context, Chiesi and
Primi (2010) supported the previously mentioned studies. They reported
statistically significant relationship between psychology students’ (n = 487)
statistics achievement and attitudes toward statistics (assessed by cognitive
competence, difficulty, value, and affect). At the same year in United
Kingdom, Dempster and McCorry (2009) found similar results. They reported
that students’ (n = 154) statistics achievement was significantly related to their
attitudes toward statistics (assessed by affect, cognitive competence, and
value). The correlational studies also revealed that attitudes toward statistics
were related to mathematics achievement. For example, Mills (2004) collected
data from undergraduate students (n = 203) and reported that students who
believed that they were good at mathematics significantly reported that they
could learn statistics, they like statistics, and they were not scared by statistics.
Coetzee and van der Merwe (2010) supported her study with a sample of South
African undergraduate students (n = 235). They found statistically significant

relationship between students’ attitudes toward statistics and students’
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perceptions of how well they did in high school mathematics and students’

perceptions of their current success in mathematics.

In sum, the results that are combined from early and resent literature
demonstrate that attitudes toward statistics are related to statistics achievement

and mathematics achievement.

2.4.2. Non-Experimental Pre-test Post-test Design Studies

There are a limited number of pretest-posttest design studies on attitudes
toward statistics. These studies investigated the change in students’ attitudes
toward statistics before and after taking a statistics course (Evans, 2007;
Limpscomb, Hotard, Shelley, & Baldwin, 2002; Schau & Emmioglu, 2011;
Sizemore & Lewandowski, 2009; Tempelaar & Schim van der Loeff).

In a research article by Evans (2007), no change from 115 students’ pre
attitudes toward statistics to post attitudes toward statistics was reported when
students were enrolled in introductory level undergraduate statistics courses.
This finding was partially supported by Sizemore and Lewandowski (2009)
who reported no change between undergraduate psychology students’ (n = 92)
attitudes toward statistics from the beginning to the end of a statistics course,
but a decline in students’ scores on the perceived utility of research and
statistics. Contrarily, in a study with sophomore level business students (n =
97), Limpscomb et al. (2002) found that students’ cognitive competence and
affect toward statistics increased from pre-test to post test. However, they
supported previously mentioned studies in a way that students’ scores of the
value of statistics and difficulty of statistics subscales did not change from the
beginning to the end of the semester. More recently, Schau and Emmioglu
(2011) investigated the changes in students’ attitudes toward statistics after

taking introductory statistics courses. Their sample ranged from n = 1454 to n
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= 1902 depending on the six components of attitudes toward statistics being
examined (affect, cognitive competence, difficulty, interest, effort, value).
They found that, at the beginning of taking statistics courses, students had
neutral or positive attitudes toward statistics. In their study, students
maintained or decreased their attitudes toward statistics at the end of taking
statistics courses. Schau and Emmioglu (2011) reported that students valued
statistics less, put less effort in statistics and were less interested in statistics at
the end of taking statistics courses. Similarly, Tempelaar and Schim van der
Loeff (2011) investigated the change in students’ attitudes toward statistics.
Their study was conducted with first year Economics and Business students (n
= 3500) in Netherlands. They found that students’ attitudes toward statistics
declined for five components of attitudes toward statistics (affect, cognitive
competence, difficulty, interest, effort) when students’ attitudes toward the

value of statistics stayed about the same at the end of taking statistics courses.

In summary, pre-test post-test design studies demonstrated that, overall, taking
traditional statistics courses are not always enough to increase students’
attitudes toward statistics from the beginning to the end of the course.
Moreover, they are not always enough to, even; maintain the students’ level of

attitudes toward statistics.

2.4.3. Experimental Studies

A small number of experimental studies have investigated the effects of
various instructional methods on students’ attitudes toward statistics. Some of
these methods included online and computer based instruction, value-
reappraisal intervention, project based instruction and student centered
instruction. One of these studies was conducted by Suanpang, Petocz and
Kalceff (2004). The focus of the study was to investigate the effect of online

instruction on students’ attitudes toward statistics. The sample consisted of

34



online (n = 112) and traditional group (n = 118) students enrolled in business
statistics classes. Results revealed that attitudes toward statistics scores (affect,
value, cognitive competence, and difficulty) of the online group increased
while the traditional group remained in the same level in terms of affect,
cognitive competence and value. They even scored lower in terms of the
difficulty of statistics. The result indicated that online instruction helped
students to have more positive attitudes toward statistics. With a similar
approach, Wiberg (2009) revised a statistics course for psychology students
and investigated the difference between traditional (n = 20) and revised course
(n = 24) students’ attitudes toward statistics. The revised course included a
course web page, computer based assignments, and a problem based teaching
techniques based on student centered learning. She reported that students in the
revised group showed significantly higher cognitive competence in statistics,
and value and affect toward statistics; whereas students’ attitudes toward the

difficulty of the statistics is almost the same in two groups.

Contrarily to the previously mentioned experimental studies, Carnell (2008)
did not find significant difference between experimental group (n = 24) and
control group (n = 18) students’ attitudes toward statistics when she
investigated the effect of using student data collection projects. However, she
pointed out the potential presence of several confounding variables. She argued
that this one study did not find any mean difference did not mean that data
collection projects do not enhance attitudes toward statistics. Therefore, more
studies needed to be done in order to understand the effects of using such

projects on students’ attitudes toward statistics.

Recently, Acee and Weinstein (2010) investigated the effect of value-
reappraisal intervention on students’ attitudes toward statistics. The value-
reappraisal intervention involved the online presentation of messages about the

importance of and potential value of statistics. Results revealed that students’
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attitudes toward statistics (measured by task value, interest, and endogenous
instrumentality) scores in value-reappraisal group (n = 41) was significantly
higher than the control group (n = 41) students. Similarly, Posner (2011) found
promising results. He investigated the effects of the proficiency based
assessment and re-assessment of learning outcomes (PARLO) system on
students’ attitudes toward statistics. The sample of his study consisted of
undergraduate students of introductory statistics courses in the Eastern United
States (Nexp. = 30, neon. = 31). He found that experimental group showed
significantly more positive attitudes than the control group in terms of all six
components of attitudes toward statistics (difficulty, cognitive competence,

value, interest, effort, affect).

In summary, the effect of using nontraditional instructional methods in
statistics courses on students’ attitudes toward statistics was investigated in a
limited number of studies. These studies suggest that using different methods
in statistics instruction can enhance positive attitudes toward statistics.
However, additional studies are required in order to understand the effect of

using different instructional methods on students’ attitudes toward statistics.

2.4.4. Structural Equation Models

Several studies have investigated the role of attitudes on explaining statistics
outcomes using Structural Equation Modeling technique. These studies focused
on several attitudes and statistics outcomes variables. A summary of the areas

that are most relevant to this study are presented below.

As far as is known, the first statistics attitude-achievement model was
developed by Lalonde and Gardner (1993). They conceptualized the learning
of statistics as analogous to the learning of a language. Accordingly, they based

their structural model on a theory of language learning. They reported
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statistically significant impact of mathematical aptitude, attitudes toward
statistics, and effort on students’ statistics achievement. In a similar approach,
Onwuegbuzie (2003) developed his model based on foreign language learning
theory for predicting statistics achievement. He collected data from graduate
level education disciplines students (n = 130) and reported that statistics
anxiety and achievement expectation played a central role in the model,
mediating the relationship between statistics achievement and the following
variables: research anxiety, study habits, course load, and the number of
statistics courses taken. Harlow, Burkholder and Morrow (2002) supported the
earlier studies. Their sample consisted of psychology students (n = 129) and
they reported statistically significant impact of math skills and attitudes toward
statistics on statistics achievement. Collecting data from Arabic speaking pre-
service teachers in Israel (n = 162), Nasser (2004) also contributed previous
studies that she reported statistically significant direct effects from
mathematics aptitude (measured by the number of high school mathematics
units studied by students and by students’ high school mathematics grades) and
attitudes toward statistics to statistics achievement. Another model testing
study was conducted by Bude” et al. (2007). They hypothesized a model based
on attribution and learned helplessness theories. Collecting data from first year
Health Sciences students (n = 94), they reported that students’ outcome
expectancy scores are significantly correlated with affect toward statistics
which is significantly correlated with statistics achievement. More recently,
Chiesi and Primi (2010) investigated the structural relationships among
mathematics background, mathematics knowledge, statistics anxiety, attitudes
toward statistics and statistics achievement. Their sample consisted of
undergraduate psychology student (n = 487) enrolled in statistics courses in a
university in Italy. They found statistically significant direct effect of attitudes

toward statistics and mathematics knowledge on statistics achievement.
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In addition to the previously mentioned theories, expectancy value theory has
inspired researchers for examining students’ attitudes toward statistics.
Tempelaar, et al. (2007) investigated the impact of statistics attitudes on
statistics achievement and statistical reasoning abilities by estimating a
structural equation model based on Eccles and colleagues’ application of
expectancy value model of achievement motivation. They used Survey of
Attitudes toward Statistics-36© (SATS-360) to collect data from business (n =
842) and economics students (n = 776) in Netherlands. They reported
statistically significant impact of effort, value, difficulty, and interest on
statistical reasoning and a statistically significant impact of cognitive

competence, difficulty, and effort on performance in statistics.

In summary, there have been a number of structural equation model studies
conducted with samples varying in majors, nationalities and grade levels.
Despite the differences in the samples, instruments and the variables included
in these studies, they revealed one common result. That is, students’
mathematics skills or mathematics achievement and students’ attitudes toward

statistics are important factors for explaining students’ statistics outcomes.

2.5. Statistics Attitudes-Achievement Model

Sorge and Schau (2002) developed and tested a “Statistics Attitudes-
Achievement Model” that is primarily based on Eccles and colleagues’
expectancy value model. They investigated the interrelationships of students’
prior academic success (gpa and mathematics achievement), attitudes toward
statistics (difficulty, cognitive competence, affect, value), and achievement
levels in introductory statistics and probability courses. Their sample consisted
of undergraduate engineering students (n = 264). In order to collect data, they
used Survey of Attitudes toward Statistics© for Engineers (SATS-E©) which
was modified from SATS©-28©. They reported that previous success had a
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large total affect on achievement. Difficulty, cognitive competence and affect
had medium total affects on achievement and value had no total affect on
achievement. In sum, their results indicated that both prior achievement and
attitude toward statistics variables impact engineering students’ achievement in

introductory statistics courses (Figure 2.2.).
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Figure 2.2 Saturated “Statistics Attitudes-Achievement Model” with

Standardized Parameters. Note: ns= non-significant, other paths are significant at p<.05,
Source: Sorge and Schau, 2002. Reprinted with authors’ permission.

Their study contributed to the current literature for many ways. It included a
hypothesized model that is consistent with theoretical framework. The
“Statistics Attitudes-Achievement Model” was mainly based on expectancy
value theory and several other attitude and learning theories. They used the
most current and widely used statistics attitude instrument at the time of the
study. Findings of their study were consistent to other studies by demonstrating
the complex relationships between attitudes toward statistics and statistics
achievement (Bandalos, Finney, & Geske, 2003; Bude” et al., 2009; Nasser,

2004; Tempelaar et al., 2007). However, the instrument used in their study
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was the earlier version of Survey of Attitudes toward Statistics© (SATS-280©).
Therefore, a need has emerged to modify their “Statistics Attitudes-
Achievement Model” by using the current version of Survey of Attitudes
toward Statistics© (SATS-36©). For this purpose, their model was extended to

“Statistics Attitudes-Outcomes Model” in the current study.

The most visible differences between their “Statistics Attitudes-Achievement
Model” and “Statistics Attitudes-Outcomes Model” are that interest and effort
constructs are included in “Statistics Attitudes-Outcomes Model”. In addition,
statistics achievement variable in “Statistics Attitudes-Achievement Model”
was replaced with statistics outcome variable in the current study. Lastly,
Sorge and Schau’s (2002) “Statistics Attitudes-Achievement Model” was
modified by replacing previous achievement construct to the mathematics
achievement in the current study. Because most of the participants of this study
did not have any prior experience in statistics but they had prior experience in

mathematics.

2.6. Research on Attitudes Toward Statistics in Turkey

A limited number of studies examined students’ attitudes toward statistics in
Turkey. These studies mostly included correlational and experimental designs.

A review of these studies is presented in this section.

A number of correlational studies were conducted to investigate the correlates
of attitudes toward statistics. Aksu and Bikos (2002) examined the role of
departmental affiliation, previous statistics experience and gender on
explaining students’ attitudes toward statistics. They measured attitudes toward
statistics by developing an instrument that consists of three subscales:
commitment to the disciple, beliefs about the utility of the discipline and

affective/emotional component. They collected data from educational
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disciplines graduate students (n = 88) and found that departmental affiliation is
a statistically significant predictor of the three dimensions of students’ attitudes
toward statistics, indicating that students from math/science education
departments had more positive attitudes toward statistics. More currently,
Emmioglu, Capa-Aydin, and Cobanoglu (2010) investigated students’ attitudes
toward statistics as the predictors of statistics achievement. They used SATS-
360 to measure students’ attitudes toward statistics. Collecting data from
graduate students (n = 54) from education disciplines, they found that students’
attitudes toward the difficulty of statistics and the effort students put to learn
statistics are statistically significant predictors of statistics achievement. That
is, the more students perceived statistics as easy and the more they determined
to spend effort in statistics, their statistics achievements were high. Further,
Emmioglu and Capa-Aydin (2011) conducted a meta-analysis by reviewing the
current literature. They investigated the correlations between statistics
achievement and four components of attitudes toward statistics (students’
affect toward statistics, valuing of statistics, cognitive competence in statistics,
and perceptions about the difficulty of statistics). They reported that students’
cognitive competence in statistics and affect toward statistics had medium and
statistically significant relationship with statistics achievement when students’
attitudes toward the value of statistics and difficulty of statistics had small but

statistically significant relationship with statistics achievement.

In an experimental study by Dogan (2009), he compared computer based
instruction group (n = 35) and control group (n = 35) undergraduate students’
attitudes toward statistics and statistics achievement. He developed and
administered a one dimensional, 34-item scale to measure students’ attitudes.
Results indicated that computer based instruction increased both students’
statistics achievement and attitudes toward statistics. Another experimental
study was conducted by Yilmaz (2006). In her dissertation study, she

investigated the effects of real-data and calculator supported activities on 70
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graders’ (n = 84) performance and attitudes toward statistics. She divided her
sample into three groups: calculator and real-data based (n = 27), real data
based (n = 29), and a control group (n = 28). The statistics attitude measure
was developed by the researcher that included two subscales: enjoyment and
confidence in statistics. In the result of her study, Yilmaz (2006) reported no
significant differences among groups in terms of students’ attitudes toward
statistics and statistics achievement. Similar to Yilmaz (2006), Calikoglu-Bali
(2000) investigated students’ attitudes toward statistics in her dissertation. She
collected data from graduate students of four education faculties (n = 143) and
developed an instrument to measure attitudes toward statistics. She concluded
that students’ perceived competency in statistics was predicted by students’
gender, learning styles, enrolled universities, and by attitudes toward statistics
variables measured by using statistics in research, impact of statistics on daily

life, and importance of statistics.

In sum, research on attitudes toward statistics is a new area in Turkey. In the
existing studies conducted in Turkey, researchers developed their own
instruments to measure statistics attitudes (Aksu & Bikos, 2002; Calikoglu-
Bali, 2000; Dogan, 2009; Yilmaz, 2006). Accordingly, they adopted different
perspectives for the components of attitudes toward statistics. Most of these
studies focused on different factors influencing students’ attitudes toward
statistics (Aksu & Bikos, 2002; Calikoglu-Bali, 2000; Dogan, 2009; Yilmaz,
2006). Considering the lack of research in the field, it is evident that there is a
need for doing more research on understanding Turkish students’ attitudes

toward statistics.

2.7. Summary

Attitude is a multidimensional construct that has been studied for many years

in education and psychology. These studies mainly focused on the relationship
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between individuals’ attitudes and behaviors. Although attitude concept has
been the core issue for many years, attitudes toward statistics has currently

gained attention in the field of statistics education.

In the current study, a “Statistics Attitudes-Outcomes Model” is hypothesized
to investigate the structural relationships among mathematics achievement,
attitudes toward statistics, and statistics outcomes. The theoretical background
of the model is based on learning theories, self-efficacy theory, self-
determination theory, the theory of planned behavior, and, mainly, expectancy
value theory. The hypothesized ‘“Statistics Attitudes-Outcomes Model” is also
based on “Statistics Attitudes-Achievement Model”, which was developed and

tested by Sorge and Schau (2002).

A number of instruments have been developed to measure students’ attitudes
toward statistics. From these instruments, Survey of Attitudes toward
Statistics-36© (SATS-36©) is the most current and widely used instrument.
The SATS-360© has been used in various studies, which included samples from
different educational levels, majors and nationalities (Barkatsas, Gialamas, &
Bechrakis, 2009; Chiesi & Primi, 2009; Coetzee & van der Merwe, 2010;
Tempelaar et al., 2007; Verhoeven, 2009). These studies indicated that the
SATS-36© has good psychometric properties (Carnell, 2008; Tempelaar et al.,
2007; Verhoeven, 2009). For these reasons, the SATS-36© was used in the

current study to collect data.

The review of international literature revealed that limited but growing number
of studies that focused on statistics attitudes have been conducted. In terms of
research designs, these studies can be categorized as correlational, pre-post
design, and experimental studies. In addition, structural models were developed
to examine the structural relationships among several attitudes toward statistics

variables and statistics outcomes. These studies revealed that mathematics
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achievement and students’ attitudes toward statistics are important factors for
explaining students’ statistics outcomes. Some of these studies suggested that
using different methods in statistics instruction would enhance students’

positive attitudes toward statistics.

The number of research studies related to attitudes toward statistics is limited
in Turkey. In these studies, researchers mostly developed their own instruments
to measure statistics attitudes (Aksu & Bikos, 2002; Calikoglu-Bali, 2000;
Dogan, 2009; Yilmaz, 2006) and they focused on different research questions
related to students’ attitudes toward statistics (Aksu & Bikos, 2002; Calikoglu-
Bali, 2000; Dogan, 2009; Emmioglu, Capa-Aydin, & Cobanoglu (2010;
Yilmaz, 2006). As these studies had different conceptualizations of statistics
attitudes and emphasized on different research questions, it is highly difficult to

compare and contrast these studies.

The review of literature demonstrated that research into students’ attitudes
toward statistics is in its early stages and the number of studies is very limited.
Available research shows that students’ attitudes toward statistics, mathematics
achievement and students’ statistics course outcomes are related; although, the

nature of this relationship has not yet fully discovered.
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CHAPTER 111

METHOD

This chapter includes overall research design, research question, description of
variables, data sources, data collection instrument, data collection procedure,

data analysis, and limitations of the study.

3.1. Overall Research Design

The design employed in this study is a survey design. A survey design provides
quantitative or numeric descriptions of trends, attitudes, or opinions of the
participants of the study (Creswell & Miller, 2000). In order to provide these
descriptions, a questionnaire is administered to the subjects of the survey
design study (Babbie, 2007). In the current study, survey design was adopted
and a questionnaire was used in order to gather information on students’
attitudes toward statistics, mathematics achievement, and statistics outcomes.
Considering the research question of the study, the study also used
correlational techniques by examining the relationships of responses to the
questions in survey or several other variables (Fraenkel & Wallen, 2003). This
study aimed to investigate the structural relationships among students’ attitudes

toward statistics, mathematics achievement, and statistics outcomes.

The current study was started with an extensive review of literature. Based on
the literature, the research question of the study was constructed. Next, Survey

of Attitudes toward Statistics-36© (SATS-36©; Schau, et al., 1995; Schau,
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2003) consisting of 36 items and six subscales was chosen and adapted to
Turkish Turkish language as a data collection instrument.

Depending on the research question of the study, the hypothesized model,
“Statistics ~ Attitudes-Outcomes Model”, that proposes the empirical
relationships between self-reported mathematics achievement, attitudes toward
statistics and statistics outcomes was constructed. Followed by the model
construction, target population of the study was selected. The target population
was the undergraduate and graduate students enrolled in statistics courses in a

university in Turkey.

As the participants of the study were Turkish-speaking students, the instrument
was adapted to Turkish context before the collecting the data for the main
study. For this purpose, the SATS-36© was translated into Turkish language
by back translation method. Next, the Turkish version of the SATS-36© was
administered to 347 students at the beginning of the 2009 fall semester to
examine its psychometric characteristics. Confirmatory factor analysis was
used to test the factorial structure. Reliability estimates were calculated to test
the score reliability of the Turkish version of the SATS-360©. After the
instrument adaptation procedure, data collection process for the main study
was applied. In this step, the Turkish version of the SATS-36© consisting of
six subscales (cognitive competence, affect, value, difficulty, effort, and
interest) and additional questions (i.e. self-reported mathematics achievement)
was administered to the participants (n = 247) at the end of the 2009-2010 fall
and spring semesters. After the data collection, the negatively worded items
were reversed and data were screened in terms of necessary assumptions

required for the subsequent data analyses.

Finally, the hypothesized model was tested by Structural Equation Modeling
(SEM) technique using Mplus software student version 5.21 (Muthen &

Muthen, 2007). The model was evaluated by several model fit indexes such as

46



Chi-Square, CFI, RMSEA, and SRMR along with the parameter estimates. The
steps of the research design adopted in the current study are presented in Figure

3.1.
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Figure 3.1 Steps of the Current Research Design
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3.2. Research Question

The main research question addressed in this study was the following: What is
the nature of the relationship among self-reported math achievement (self-
reported past mathematics achievement and self-reported overall mathematics
achievement), attitudes toward statistics (cognitive competence, affect, value,
difficulty, effort, and interest) and statistics outcomes (total grade earned at the
end of taking the statistics course, willingness to use statistics in the remainder

of the degree program, and willingness to use statistics when employed)?

In order to investigate the research question of the study, the “Statistics
Attitudes-Outcomes Model” was hypothesized and tested. The hypothesized
“Statistics Attitudes-Outcomes Model” is presented in Figure 3.2.
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Figure 3.2 The Hypothesized “Statistics Attitudes-Outcomes Model”

Note: The direction of the arrows shows the direction of the hypothesized relationships/direct
effects among the variables, Math achievement: Self-reported Math Achievement, Al1-A3:
Affect item parcels, Competence: Cognitive Competence, C1-C3: Cognitive Competence item
parcels, V1-V3: Value item parcels, D1-D3: Difficulty item parcels, E1-E3: Effort item
parcels; I1-I3: Interest item parcels, expe= Expectancy of Success, pma=Self-reported Previous
Math Achievement, achm=Self-reported Overall math achievement, em_use= willingness to
use statistics when employed, uni_use= willingness to use statistics in the remainder of the
degree program
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3.3. Description of Variables

Difficulty is the exogenous variable of the study because it is not proposed to
be predicted by other variables of the hypothesized “Statistics Attitudes-
Outcomes Model” (Weston & Gore, 2006). Difficulty was measured by seven-
item “Difficulty” component of the SATS-36©, which has a seven-point
response scale (1 = strongly disagree, 4 = neither disagree nor agree, 7 =
strongly agree). It is important to note here that difficulty subscale measured
students’ perceptions about the difficulty of statistics for any individual,
instead of their perceptions about the difficulty of statistics for themselves. In
the current study, higher scores in difficulty subscale indicated “lack of
difficulty”, which means that students with higher difficulty scores are

assumed to perceive statistics as an “‘easy’ subject.

Mathematics achievement is also the exogenous variable of the study as it is
not proposed to be predicted by other variables of the hypothesized “Statistics
Attitudes-Outcomes Model” (Weston & Gore, 2006). Mathematics
achievement involved two components: self-reported past mathematics
achievement and self-reported overall mathematics achievement. Self-reported
past mathematics achievement was measured by the item: How well did you do
in mathematics courses you have taken in the past? Students were asked to rate
their answer on a seven point response scale (1= very poorly, 7= very well).
Self-reported overall mathematics achievement was measured by the item:
How good at mathematics are you? Students were asked to rate their answer on
a seven point response scale (1 = very poor, 7 = very good). High scores in
mathematics achievement component indicated that students have high self-

perceptions of their past and overall mathematics achievement.

Cognitive competence is an endogenous variable of the current study as it is

proposed to be predicted by difficulty and mathematics achievement variables.
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Cognitive competence was measured by the six-item cognitive competence
component of the SATS-360©, which has a seven-point response scale (1 =
strongly disagree, 4 = neither disagree nor agree, 7 = strongly agree). In
addition, cognitive competence was measured by expectancy of success
variable, which was measured by the item: “What grade do you expect to
receive in this course?” Students were asked to rate their expected grade on a
nine point scale (1 = less than 49, 2 = 50-59, 3 = 60-64, 4 = 65-69, 5 =70-74 6
= 75-79, 7 = 80-84, 8 = 85-89, 9 = 90-100). Higher cognitive competence
scores indicated students’ positive perceptions of their intellectual knowledge

and skills when applied to statistics.

Interest is an endogenous variable of the current study since it is proposed to be
predicted by cognitive competence, difficulty, and affect variables. Interest
was measured by four-item interest subscale of the SATS-36©, which has a
seven-point response scale (1 = strongly disagree, 4 = neither disagree nor
agree, 7 = strongly agree). In this study, higher scores in interest subscale

indicated students’ higher levels of individual interest in statistics.

Affect is an endogenous variable of the current study since it is proposed to be
predicted by mathematics achievement and cognitive competence. Affect was
measured by six-item affect component of the SATS-36©, which has a seven-
point response scale (1 = strongly disagree, 4 = neither disagree nor agree, 7 =
strongly agree). In the current study, students’ higher scores of affect subscale

indicated their positive feelings concerning statistics.

Effort is an endogenous variable of the current study since it is proposed to be
predicted by cognitive competence and interest variables. Effort was measured
by four-item effort component of the SATS-36©, which has a seven-point

response scale (1 = strongly disagree, 4 = neither disagree nor agree, 7 =
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strongly agree). Higher scores in effort subscale indicated that students devoted

high effort in statistics.

Value is an endogenous variable of the current study since it is proposed to be
predicted by affect and interest variables. Value was measured by nine-item
value component of the SATS-360©, which has a seven-point response scale (1
= strongly disagree, 4 = neither disagree nor agree, 7 = strongly agree). Higher
scores in value subscale indicated positive attitudes about the usefulness,

relevance, and worth of statistics in personal and professional life.

Statistics outcomes is the dependent or outcome variable of the study; because,
statistics outcomes variable is proposed to be predicted by other variables of
the model but not proposed to predict any variable presented in the model.
Statistics outcomes variable composed of three components: grade, willingness
to use statistics in the remainder of the degree program, and willingness to use
statistics when employed. Grade was measured by students’ total grade earned
at the end of taking a statistics course. The information was obtained from
Student Affairs’ Information System of the university after Student Affairs’
Registration Office announced students’ letter grades. Willingness to use
statistics in the remainder of the degree program was measured by the item:
“As you complete the remainder of your degree program, how much will you
use statistics?” Willingness to use statistics when employed was measured by
the item: “In the field in which you hope to be employed when you finish
school, how much will you use statistics?”” For both questions, students were
asked to rate their willingness on a seven-point response scale (1 = not at all, 7

= great deal).
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3.4. Data Sources

The participants of the study were 247 undergraduate and graduate students
enrolled in statistics courses in a university in Turkey. Participants were neither
having an undergraduate study nor seeking a graduate degree in the field of
statistics. Accordingly, the target population of the study was all non-
statistician students taking statistics courses at the 2009-2010 academic year in
a university. In the current study, the target population was not big enough to
conduct a sampling procedure. Therefore, data were aimed to be collected from
the whole population. For this purpose, firstly, Student Affairs’ Information
System of the university was used to gather information about the service
statistics courses offered to non-statistician students. Secondly, these courses
were listed. Thirdly, professors of the courses were asked their approval for
their students to participate in this study. From 18 professors, 13 of them
agreed that their students could participate. These students yielded the
accessible population. Consequently, data were collected from the accessible
population members who volunteered to participate in the study. Four of the
students did not volunteer to participate in the study. Finally, the study was
carried out with 247 undergraduate and graduate students enrolled in statistics
courses. As stated by Kline (2005), in order to test a structural equation model,
the sample size should be at least 200. Considering Kline’s (2005) criteria, it is
plausible to state that the number of participants involved in the current study

was appropriate for the data analysis used in the current study.

The frequency and percentages of the participants’ majors are presented in
Table 3.1. As seen in the table, students were majoring in the areas of
engineering (26.3%), followed by education (23.1%), economics (13.8%),
psychology (12.6%), sociology (8.5%), applied mathematics (4.9%), and

business administration (3.2%).
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Table 3.1
Frequency and Percentages of Students’ Major (n = 247)

f %
Education 57 23.1
Psychology 31 12.6
Sociology 21 8.5
Economics 34 13.8
Business Administration 8 32
Applied Mathematics 12 4.9
Engineering 65 26.3
Missing 19 7.7

The frequency distributions of participants’ degrees and grade levels were
presented in Table 3.2. In terms of the degrees students were seeking; 63.2% of
them were undergraduate, and 32.4% of them were graduate students. From all
of the participants of the study, 23.1% were M.Sc. and 9.3% were Ph.D.
students. In terms of the grade level, 36% of the participants were second year,
21.1% of them were third year, and 6.1% of them were 4 year undergraduate

students.

Table 3.2
Frequency Distribution of Students’ Degree and Grade Level (n=247)

f %
2" year undergraduate 89 36.0
31 year undergraduate 32 21.1
4™ year undergraduate 15 6.1
Total undergraduate 156 63.2
M.Sc. 57 23.1
Ph.D. 23 9.3
Total graduate 80 324
Missing 11 4.4
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3.5. Data Collection Instruments

The Turkish version of the Survey of Attitudes toward Statistics-36© (SATS-
36©) was used to collect data. The SATS-36© was utilized in this dissertation
study for many reasons. First, it is a widely used and the most current
instrument developed to assess attitudes toward statistics. Second,
psychometric properties of the instrument are well documented and supported
by confirmatory analysis techniques (Chiesi & Primi, 2009; Tempelaar et al.,
2007). Third, the generation of the subscales was based on a theoretical
background (Schau, 2003). Fourth, the instrument is adaptable to different
cultures as it has been used across different cultural contexts (Barkatsas,
Gialamas, & Bechrakis, 2009; Chiesi & Primi, 2009; Coetzee & van der
Merwe, 2010; Tempelaar et al., 2007; Verhoeven, 2009).

The SATS-36© includes 36 items with a seven-point response scale (1 =
strongly disagree, 4 = neither disagree nor agree, 7 = strongly agree) in which
higher scores correspond to positive attitudes in six subscales: difficulty, value,
cognitive competence, affect, effort, and interest. It is especially important to
mention that higher scores obtained from the difficulty subscale are interpreted

as “students do perceive statistics as an easy subject”.

The SATS-360 has pre and post versions to measure students’ attitudes toward
statistics at the beginning and at the end of a statistics course. The only
difference between pre and post versions of the survey is the grammatical verb
tense used. For example, the item ‘I plan to study hard for every statistics test’
in pre version corresponds to the item ‘I tried to study hard for every statistics
test’ in post version of the SATS-36©. Post SATS-360© items with their

corresponding components are presented in Table 3.3.
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Table 3.3

Post SATS-36© Items

SATS-360
Components

Items

Affect

3. I like statistics.

4.* 1 feel insecure when I have to do statistics problems.
15.# I get frustrated going over statistics tests in class
18.* I am under stress during statistics courses.

19. I enjoy taking statistics courses.

28.* I am scared by statistics.

Cognitive
Competence

5.*% I have trouble understanding statistics because of how I think.
11.* I have no idea of what’s going on in this statistics course
26.* I make a lot of math errors in statistics.

31. I can learn statistics.

32. I understand statistics equations.

35.* 1 find it difficult to understand statistical concepts.

Value

7.* Statistics is worthless.

9. Statistics should be a required part of my professional training.
10. Statistical skills will make me more employable.

13.* Statistics is not useful to the typical professional.

16.* Statistical thinking is not applicable in my life outside my job.
17. T use statistics in my everyday life.

21.* Statistical conclusions are rarely presented in everyday life.
25.# I will have no application for statistics in my profession.

33.* Statistics is irrelevant in my life

Difficulty

6. Statistics formulas are easy to understand

8.* Statistics is a complicated subject.

22. Statistics is a subject quickly learned by most people.

24.* Learning statistics requires a great deal of discipline.

30.* Statistics involves massive computations.

34.* Statistics is highly technical.

36.* Most people have to learn a new way of thinking to do statistics.

Interest

12. T am interested in being able to communicate statistical
information to others.

20. I am interested in using statistics

23. I am interested in understanding statistical information.
29. 1 am interested in learning statistics.

Effort

1. I tried to complete all of my statistics assignments.
2. I worked hard in my statistics course

14. 1 tried to study hard for every statistics test.

27. 1 tried to attend every statistics class session.

*reversed items

The SATS-36© has been used in many studies that included participants with

varying ethnicities and nationalities including Italian, Dutch, Israeli, and South

African. These

studies demonstrated that the survey exhibited good

psychometric properties when administered across different cultural contexts
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(Chiesi & Primi, 2009; Coetzee & van der Merwe, 2010; Hilton et al., 2004;
Tempelaar et al., 2007; Verhoeven, 2009). Tempelaar et al. (2007) and
Verhoeven (2009) tested the fit of their data to the six-factor model by utilizing
Confirmatory Factor Analysis. Their results indicated that their data from
Netherlands sample fit the hypothesized six factor model with CFI values
exceeding .95 and RMSEA values about .06 indicating good fit (Hu & Bentler,
1999; Kline, 2005). As for the internal consistency of the scores, Cronbach
alpha coefficients were calculated. The coefficients were reported as the
following: affect: .80-.82, cognitive competence: .77-.82, value: .78-.82,
difficulty: .68-.75, interest: .80-.84, and effort: .76-.80 (Tempelaar et al., 2007;
Verhoeven, 2009). The data collection scheme of the variables along with the

corresponding components, and sample items are presented in Table 3.4.

Table 3.4

Description of Variables

Variables Components Sample Items Coding scheme

Mathematics  Self reported past ~ How well did you do in (1) very poorly

achievement  mathematics mathematics courses you have (7) very well
achievement taken in the past? Y
Self reported How good at mathematics are (1) very poor
overall math you? 7 ery ood
achievement very
Attitudes What grade do you expect to (9) 90-100
toward receive in this course? (8) 85-89
Statistics (Expectancy of Success) (7) 80-84
Cognitive Eg; ;(5):;2
Competence (4) 65-69
(3) 60-64
(2) 50-59
(1) less than 49
I can learn statistics.
Affect I like statistics.
Value Statistical skills will make me (1) strongly
more employable. disagree
Difficulty Statistics formulas are easy to  (4) neither disagree
understand nor agree
Effort I worked hard in my statistics (7) strongly agree
course
Interest I am ipterested in using
statistics
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Table 3.4

Description of Variables (cont.)

Variables Components Sample Items Coding scheme
Grade Students’ total grade earned (7) 90-100
after taking statistics courses (6) 85-89
were obtained from Student (5) 80-84
Affairs’ Registration Office “4) 75-79
of the university (3) 65-69
(2) 60-64
Statistics (1) 50-59
Outcomes Willingness to use ~ As you complete the
statistics in the remainder of your degree
remainder of program, how much will you
degree program use statistics? (1) not at all

In the field in which you hope  (7) great deal
to be employed when you

finish school, how much will

you use statistics?

Willingness to use
statistics when
employed

3.6. Adaptation of the Survey of Attitudes Toward Statistics© into Turkish

In order to adapt the SATS-36© into Turkish language, firstly, instrument was
translated into Turkish language by using back translation method; secondly,
data were collected using Turkish version of the SATS-36©; and thirdly, data

were analyzed in order to investigate the score validity and reliability.

Back translation method was used to obtain the Turkish version of the SATS-
360©. The survey was translated from English to Turkish by five experts. These
experts were two English language teachers, one assistant professor in
Measurement and Evaluation, one Ph.D. candidate in Guidance and
Psychological Counseling, and one Ph.D. candidate in Curriculum and
Instruction. Based on the consistencies of the five translated forms, one version

of the Turkish SATS-36© was selected.

The Turkish SATS-36© was back translated by three other experts. These

experts were two Ph.D. candidates in Curriculum and Instruction and an

English teacher. Lastly, the original SATS-36© and the back translated form
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was examined with regard to the consistencies. A strong consistency (about
90%) was found between two forms, indicating that the Turkish version of the

SATS-360© is a consistent version of the original SATS-360©.

In the current study, pre SATS-36© was translated to Turkish language;
however, post version of SATS-36© was used to collect data. In Turkish
language, derivational affixes are added to word in order to change the verb
tense from present tense to past tense. Therefore, the Turkish version of post-
SATS-36© was obtained from the Turkish version of the pre-SATS-36© by

changing the affixes according to the verb tense.

In the pilot study, the Turkish version of the SATS-36© was administered at
the beginning of the 2009 fall semester of which participants (n = 347, 59.4%
female and 36% male) enrolled in thirteen statistics course sections. The
students were majoring at various areas including: education (n = 69),
psychology (n = 44), economics (n = 108), business administration (n = 31),
engineering (n = 70), and applied mathematics (n = 23). However, two students
did not report their majors. The mean age was M = 23.16 years (SD = 2.29). Of
all the students, 231 (66.57%) were undergraduate and 108 (31.1%) were

graduate students.

A confirmatory factor analysis was performed to assess the six-factor structure
of the Turkish version of SATS-36©. These factors were affect, cognitive
competence, difficulty, effort, interest, and value. Mplus statistical modeling
software 5.21, student version was used to run confirmatory factor analysis.
SPSS 15 software was used to calculate Cronbach alpha values to examine the

internal consistency of the survey subscales.

Prior to the confirmatory factor analysis, an item parceling procedure was

adopted. Instead of using individual items, item parceling was used in order to
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obtain more continuous and normally distributed data. Item parceling is also
used to reduce the number of model parameters to get more stable parameter
estimates (Bandalos, 2008; Tempelaar et al., 2007); because, the number of

indicators are reduced when item parcels are used instead of individual items.

Item parceling is a method that refers averaging item scores from two or more
items from the same scale to use in place of the item scores in a Structural
Equation Modeling (SEM) analysis (Bandalos, 2008, p.212). In the current
study, Tempelaar et al.’s (2007) item parceling scheme was adopted. That is,
same items were assigned to specific item parcels as they did in their study

(personal communication, November 16, 2009).

All of the items in each subscale (affect, cognitive competence, difficulty,
effort, interest, and value) were divided into three item parcels. For example,
items of affect components were gathered into three item parcels. First item
parcel of the affect construct was generated by calculating the mean of the item
15 (I get frustrated going over statistics tests in class) and item 28 (I am scared
by statistics). The second item parcel of the affect was generated by calculating
the mean of the item 3 (I like statistics) and 4 (I feel insecure when I have to do
statistics problems). The third and the last item parcel of the affect was
generated by calculating the mean of the item 18 (I am under stress during

statistics courses) and item 19 (I enjoy taking statistics courses).

In the pilot study, in order to provide information in terms of the distribution of
item parcels, Skewness and Kurtosis values were inspected. Skewness is
defined as a measure of symmetry of a distribution, whereas Kurtosis is
defined as a measure of the peakedness or flatness of a distribution (Hair,
Anderson, Tatham, & Black, 1998). The distribution is perfectly normal when
Skewness and Kurtosis values are zero (Tabachnick & Fidell, 2007). Variables

with absolute values of the Skewness index greater than 3 are described as
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extremely skewed, whereas the absolute values of the Kurtosis index greater
than 10 suggests problem (Kline, 2005). In the pilot study, Skewness and
Kurtosis values of the item parcels ranged from -.03 to 3.87. That is, item
parceling procedure used in the current study resulted with approximately
normal item parcels. The Skewness and Kurtosis values for the corresponding

item parcels are presented in Table 3.5

Table 3.5
Item Parcels and Skewness and Kurtosis Values for the Pilot Study (n=347)
Item Parcels Skewness Kurtosis
Al -39 -.51
A2 -.61 .19
A3 -41 -47
Cl =72 .30
Cc2 -.70 .09
C3 -.65 18
Al -.67 .39
V2 =71 .54
V3 -.83 .55
D1 -.03 -.19
D2 .19 -.46
D3 -.06 -.20
El -.83 .60
E2 -1.01 1.09
E3 -1.67 3.87
11 -.28 -.63
12 -31 -.96
13 =72 -21

Running the confirmatory factor analysis, each item parcel was allowed to load
on its hypothesized factor and all six factors were assumed to be related to each
other. Covariation among the item errors was not allowed. The analysis
resulted in a y? of 286.95 with 120 degrees of freedom, p<.05. In addition to the
model chi-square, Comparative Fit Index (CFI), Root Mean Square Error of
Approximation (RMSEA), and Standardized Root Mean Square Residual
(SRMR) fit indices were inspected. Values of these indexes were: CFI = .95,
SRMR = .07 and RMSEA = .06 with a confidence interval of .05 to .07. These
values indicated good model fit since CFI values higher than .90, SRMR values
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smaller than .10, and RMSEA values smaller than .10 are considered favorable
(Kline, 2005). After inspecting the overall fit of the model to the data, the

standardized parameter estimates are examined (Figure 3.3).
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As seen in Figure 3.3, the results of the standardized parameters estimates
(factor loadings) suggested that item parcels measured the corresponding
factors of the Turkish version of the SATS-36© well. That is, the standardized
estimates of factor loadings ranged from .43 to .90, all statistically significant.
This finding was consistent with earlier studies (Sorge & Schau, 2002;

Tempelaar et al., 2007).

The results of the Ilatent factor correlations indicated that cognitive
competence, value, difficulty, effort and interest are empirically distinguishable
constructs (Figure 3.3). The estimated correlation between affect and cognitive
competence was very strong (r = .92) and statistically significant; however, this
finding was expected and desired as the same pattern was found in previous
studies (Dauphinee et al., 1997; Schau et al., 1995; Sorge & Schau, 2002;
Tempelaar et al., 2007). Moreover, these constructs are accepted as
theoretically and empirically distinct although they are highly correlated
(Dauphinee et. al., 1997; Hilton et al., 2004; Tempelaar et al., 2007). For
example, affect and cognitive competence operate empirically different in
terms of their relationship with other variables such as with successful
completion of a statistics course (See Hilton et. al, 2004). In addition, as stated
by Tempelaar et al. (2007), the high correlation between affect and cognitive
competence is “a remarkable fact” that it confirms the theoretical model that

the SATS-36© was based on.

For investigating the internal consistency of each subscale, Cronbach alpha
coefficients were calculated. The internal consistency reliability estimates were
the following: affect = .85, cognitive competence = .82, value = .85, difficulty
= .69, interest = .90, effort = .81. Results indicated that difficulty subscale
produced adequately reliable scores while the other subscales produced score
reliabilities that ranged from “good” to “excellent” (Kline, 2005). These values

are consistent with previous research, indicating that reliable scores were
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obtained when the Turkish version of SATS-36© was administered to the
sample of the current study as well as to the students from different educational

levels, majors, and nationalities (Carnell, 2008; Hilton et al., 2004; Tempelaar

et al., 2007; Verhoeven, 2009).

3.7. Data Collection Procedures

Main study was conducted to test the hypothesized ‘“Statistics Attitudes-
Outcomes Model”. The Turkish version of the post-SATS-36© was used to
collect data after permissions were obtained from Research Center for Applied
Ethics’ committee. Data collection procedure took place at the end of 2009 fall
(n = 180) and 2010 spring (n = 67) semesters. As the number of participants
obtained in 2009 fall semester (n = 180) was not big enough to conduct SEM
analyses (Kline, 2005), the data were collected not only in 2009 fall semester
but also in 2010 spring semester. Researcher administered the post SATS-36©
to the students during classroom hours. Students were informed that their
participation would be voluntary, anonymous, and confidential. The

administration of the instrument took about 15 to 20 minutes.

3.8. Data Analysis

Structural Equation Modeling (SEM) was used in order to test the hypothesized
model of the study. In this study, the alpha level for all significance tests was
set at the .05 level, which is a convention criterion for a minimum basis for
rejecting the null hypothesis in most areas of behavioral science (Cohen, 1988).
Prior to the data analysis, firstly, the data were screened for several
characteristics (missing data, influential outliers, normality, linearity,
homoscedasticity, and multicollinearity) by using SPSS 15 program. Secondly,
descriptive statistics were provided in order to describe participants’

characteristics, frequencies, percentages, means, standard deviations, and
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bivariate correlations were investigated. SPSS 15 software was used to run
descriptive statistics. Thirdly, item-parceling procedure was applied prior to the
SEM analysis. Item parcels reduce the number of indicators, so that researchers
can use more realistic models that better capture complex theories of human
behavior (Nasser & Wisenbaker, 2003). Item parceling is used in empirical
studies for several other reasons: (1) to obtain more continuous and normally
distributed data, (2) to reduce the number of model parameters, and (3) to get

more stable parameter estimates (Bandalos, 2008; Tempelaar et al., 2007).

In the current study, item parceling scheme for the six subscales of the SATS-
360 was taken from Tempelaar et al.’s study which was conducted in 2007
(personal communication, November 16, 2009). However, in this study, a
minor addition was applied to their parceling scheme. Depending on Eccles’
Model (Eccles & Wigfield, 2002), expectancy of success was added to the
latent variable of cognitive competence as another item parcel. Consequently,
except that cognitive competence possessed four item parcels, each of the
SATS-360© subscales had three item parcels. Math achievement had two item
parcels: self reported past mathematics achievement and self reported overall
mathematics achievement. Statistics outcomes variable had three item parcels.
These were grade, willingness to use statistics in the remainder of the degree
program, and willingness to use statistics when employed. As stated earlier,
one of reasons for using an item parceling procedure is to get normally

distributed data.

As seen in Table 3.6, item parcels in the main study were close to normal since
they did not deviate much from the Skewness and Kurtosis value of zero
(Tabachnick & Fidell, 2007). That is, item parceling procedure utilized in this
study was useful for forming normally distributed data; because, Skewness
values of the items parcels ranged from .06 to -1.10 and Kurtosis values ranged

from .01 to 1.27.
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Table 3.6

Means, Standard Deviations, Skewness and Kurtosis Values of Indicators
(n=247)

M SD Skew. Kurt.
I1 (Interest item parcel 1) 4.12 1.59 -.09 -.95
12 (Interest item parcel 2) 4.25 1.83 -23 -.99
I3 (Interest item parcel 3) 4.74 1.73 -.56 -.58
El (Effort item parcel 1) 4.85 1.54 -.51 -.35
E2 (Effort item parcel 2) 4.74 1.67 -.51 -.59
E3 (Effort item parcel 3) 5.71 1.27 -1.01 75
V1 (Value item parcel 1) 5.09 1.05 -.50 .62
V2 (Value item parcel 2) 5.08 1.21 -.63 31
V3 (Value item parcel 3) 4.89 1.29 -.55 .02
C1 (Cognitive Competence item parcel 1) 5.26 1.23 -.83 .65
C2 (Cognitive Competence item parcel 2) 5.29 1.27 -79 .76
C3 (Cognitive Competence item parcel 3) 5.18 1.27 -.65 .19
Expe(Cognitive Competence item parcel 4) 6.00 2.20 -.54 -.60
D1 (Difficulty item parcel 1) 3.44 1.06 21 .14
D2(Difficulty item parcel 2) 3.33 1.18 13 -.54
D3(Difficulty item parcel 3) 3.79 1.18 .06 -42
Al (Affect item parcel 1) 4.70 1.59 -.49 -.59
A2 (Affect item parcel 2) 4.46 1.49 -43 -35
A3 (Affect item parcel 3) 4.62 1.57 -.59 -.38
Pmat (Math achievement item parcel 1) 5.82 1.24 -1.10 1.27
Achmat (Math achievement item parcel 2) 5.56 1.06 -48 .01
Emuse (Statistics Outcomes item parcel 1) 4.61 1.56 -42 -.38
Uniuse (Statistics outcomes item parcel 2) 4.70 1.63 -39 -.52
Grade (Statistics Outcomes item parcel 3) 4.86 1.97 -.63 -76

Note: Expe= Expectancy of Success, Pmat=Self-reported Previous Math Achievement,
Achmat=Self-reported Overall math achievement, Emuse= willingness to use statistics when
employed, Uniuse= willingness to use statistics in the remainder of the degree program

After using the item parceling procedure, as last step of data analysis, structural
equation modeling analyses were utilized. The hypothesized *“Statistics
Attitudes-Outcomes Model” was tested by using Mplus statistical modeling
software (Muthen & Muthen, 2007).

Structural Equation Modeling (SEM) refers to a family of related procedures
for testing carefully delineated multivariate models based on hypotheses about

how observed (i.e., statistics grade) and unobserved variables (i.e., statistics
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outcomes) are interrelated (Hoyle, 1995). Researchers are able to specify
complex relationships based on previous research or theory and they can test
those relationships whether they are reflected in the data by using SEM
(Weston & Gore, 2006). SEM is a popular statistical tool for researchers in
psychology, education, and the social sciences generally (Fan, Thompson, &
Wang, 1999). One advantage of SEM is that it allows researchers to think in
terms of models, so that many applications of SEM are a blend of exploratory
and confirmatory analyses (Kline, 2005). However, the results of the SEM
should be interpreted carefully. Despite the fact that researchers hypothesize
causal relationships in SEM, causality cannot be determined by the results of
SEM analyses, unless researchers analyze longitudinal or experimental data
(Weston & Gore, 2006). In order to understand SEM models and SEM results,
one should understand the SEM terminology. For this reason, definitions and

explanations of the most commonly used concepts are presented below.

Unobserved variables/Latent variables/factors are the variables that cannot be
observed directly (Byrne, 1998). In this study, latent variables are difficulty,
math achievement, cognitive competence, affect, effort, interest, value, and

statistics outcomes.

Observed variables/Indicators/Manifest variables are the variables that are
measured to serve as indicators of the underlying construct that they are
presumed to represent (Byrne, 1998). In this study, indicators are the item

parcels.

Exogenous latent variables are the variables that their causes are unknown and
are not represented in the model (Kline, 2005). They are synonymous with
independent variables; they cause fluctuations in the values of other latent
variables in the model (Byrne, 1998). In this study, the exogenous latent

variables are math achievement and difficulty.
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Endogenous latent variables are the variables that their presumed causes are
explicitly represented in the model (Kline, 2005). In this study, the endogenous
variables are cognitive competence, affect, effort, interest, value, and statistics

outcomes.

Outcome/dependent variable(s) are the variables that are assumed to be
predicted by other variable(s) in the model but not assumed to predict any

variable presented in the model.

Disturbances (D) represent all causes of an endogenous variable that are
omitted from the structural model (Kline, 2005). Disturbances are analogous to
a residual in a prediction equation. For example, in this study, the disturbance
of affect refers to the variance of affect construct that are not explained by

mathematics achievement and cognitive competence variables.

Measurement error (e) represents error in indicator variable that is not
accounted for by latent variable (Weston & Gore, 2006). For example, in the
current study, measurement error of expectancy of success indicator refers to

variance that is not explained by cognitive competence variable.

Measurement Model is a model that focuses solely on the link between
unobserved (latent variables) and corresponding observed variables (Byrne,
1998). The measurement model defines the relations between observed
(expectancy of success) and unobserved (latent/construct; for example,

cognitive competence) variables.

Structural Model is a model that depicts the links among the unobserved

variables themselves (Byrne, 1998).
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Structural Regression Model includes a measurement model that represents
observed variables as indicators of underlying factors and a structural model

that represents the patterns of complex relationships between latent factors.

Direct effects represent a hypothesized direct effect of one variable on another.
The arrowhead points to the presumed effect and the line originates from a
presumed cause (Kline, 2005). Direct effects are calculated by standardized
parameter estimates. Researchers often interpret these estimates as regression
coefficients for effects on endogenous variables from other variables that are
presumed to directly cause them (Kline, 2005). However, causality should not
be determined in a study when data are not analyzed longitudinally or
experimentally (Weston & Gore, 2006). In the current study, an example to a

direct effect might be the one from difficulty to the cognitive competence.

Indirect effects involve one or more intervening variables presumed to
“transmit” some of the causal effects of prior variables onto subsequent
variables (Kline, 2005). In the current study, an example to an indirect effect

might be the one from difficulty to effort through cognitive competence.

Path coefficients/path weights are interpreted for structural regression models
as regression coefficients for effects on endogenous variables from other
variables presumed to directly cause them. They control for correlations among

multiple presumed causes of the same variable (Kline, 2005).

Factor loadings are interpreted for structural regression models as regression
coefficients for effects of factors on indicators, just as they are for CFA models

(Kline, 2005).

Model estimation procedure’s primary focus is to yield parameter values such

that discrepancy (residual) between sample covariance matrix and the
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population covariance matrix implied by the model are minimal (Byrne, 1998).
In this study, maximum likelihood parameter estimates with standard errors
and a chi-square test statistics that are robust to non-normality (MLR) was used
as an estimation method (Muthen & Muthen, 2007). MLR results in the same
parameter estimates as maximum likelihood estimation (ML); however, the
standard errors and chi-square tests are computed differently. MLR is assumed
to be robust against moderate violations of unmodeled heterogeneity as well as

non-normality (Hox, Maas, & Brinkhuis, 2010).

In order to understand the visual representation of an SEM model, one should
understand the most commonly used symbols appeared in the model. For this

reason, the symbols that are used in an SEM model are presented in Table 3.7.

Table 3.7
Common Concepts and Symbols in SEM Models

Concept Symbol in figure
Latent variable, construct,
unobserved variable

Indicator, observed variable I:I
e
D
—>

Measurement error

Disturbance

Parameter, path coefficient, path
loading, direct effect

Variance of an exogenous variable

In the current study, the hypothesized model of the study is a structural
regression model that consists of both a measurement and a structural portion,
which represents links among the latent variables. The model examined the
complex relationships between math achievement (self-reported past
mathematics achievement and self-reported overall mathematics achievement),
attitudes toward statistics (cognitive competence, affect, value, difficulty,

effort, interest), and statistics outcomes (total grade earned at the end of taking
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the statistics course, willingness to use statistics in the remainder of the degree
program, and willingness to use statistics when employed). The relationships
proposed in the hypothesized “Statistics Attitudes-Outcomes Model” are

presented in Figure 3.4.

Cognitive

@‘ Competence ‘i»
w S/ .
Achievement v ' Statistics

Figure 3.4 The Hypothesized Relationships Proposed in “Statistics Attitudes-

Outcomes Model” Note: The direction of the arrows shows the direction of the
hypothesized relationships/direct effects among the variables.

In order to evaluate the fit of the hypothesized “Statistics Attitudes-Outcomes
Model” to the data, several model fit indices were used as suggested by
MacCallum et al. (1996). These were model chi square (x2), normed chi square
(NC), comparative fit index (CFI), root mean square error of approximation

(RMSEA), and standardized root mean square residual (SRMR).

Model Chi square (x2) index compares the observed covariance matrix with the
expected covariance matrix given the relations among the variables specified
by the model. The model chi square is zero when there is no differences
between the two matrices (that is, there is perfect fit), and the model chi square
index increases as the difference between the matrices increases. A significant
model y* value shows that the model predicts relations that are significantly

different from the relations observed in the sample, and that the model should
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be rejected (Dilalla, 2000). There are some problems with relying only on
model y” as a fit statistics. It is sensitive to the size of correlations. Larger
correlations generally lead to higher values of x°. It is also affected by sample
size. If the sample size is large, the value of y* may lead to rejection of the
model even though differences between observed and predicted covariances

are slight (Kline, 2005).

Ratio of Chi-Square to Degrees of Freedom (x°/df) was used to reduce the
sensitivity of ¥ to sample size. The value of the x* is divided by the degrees of
freedom, which generally results in a lower value called normed chi square
(NC). Values of the NC of 2.0, 3.0 or even as high as 5.0 have been
recommended as indicating reasonable fit and that the NC does not completely

correct for the influence of sample size (Bollen, 1989).

Comparative fit index (CFI) compares the tested model to a null model having
no paths that link the variables, therefore making the variables independent of
each other. It can range from 0 to 1.0. One group of researchers suggests that
scores less than .90 should be considered as unacceptable (Marsh, Hau, &
Wen, 2004); however the other group suggests that the widely used criteria of
.90 should be increased to .95 (Hu & Bentler, 1999).

Root Mean Square Error of Approximation (RMSEA) is a measure of
approximate fit in the population and is therefore concerned with the
discrepancy due to approximation. A value of zero indicates the best fit and
higher values indicate worse fit. RMSEA < .05 indicates close approximate fit,
values between .08 and .10 indicates mediocre fit, and RMSEA > .10 suggests
poor fit (MacCallum, Browne, & Sugawara, 1996).

Standardized Root Mean Square Residual (SRMR) is an overall badness-of-fit

measure that is based on the fitted residuals. A value of zero indicates perfect
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model fit. A rule of thumb is that the SRMR should be less than .05 for a good
fit (Hu & Bentler, 1999), whereas values smaller than .10 are generally
considered favorable (Kline, 2005).

3.9. Limitations of the Study

The limitations of the current study are discussed below with regard to the

internal and external validity threats.

3.9.1. Internal Validity Threats

Internal validity threat is the existence of alternative explanations to the
research results. As stated by Gravetter and Forzano (2011), for a research
study to have internal validity there must be only one explanation for the

research results.

As stated by Fraenkel and Wallen (2003), the particular locations in which data
are collected may create alternative explanations for results. In the current
study, the data were collected from various statistics course sections from
different classroom locations, which might be a threat to internal validity. In
addition, the data were collected at the end of both fall and spring semesters;
because, the requirement of at least 200 participants to run the SEM analysis
(Kline, 2005) could not be reached by collecting data in one semester.
However, as the data were collected during regular classroom hours in
students’ classroom environments and at the end of the semesters these might

be regarded as ways to minimize the location threat to internal validity.

Another internal validity threat of the current study was the possibility of
existing counfounding variables. The data were collected from students with

different grade levels. Therefore, grade level might be considered as possible
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confounding variables of the current study. However, preliminary analyses
showed that students’ grade levels did not distort the results of the current

study.

3.9.2. External Validity Threats

External validity refers to the extent to which the results of the study can be
generalized to other populations, conditions, experimenters, and so forth
(Gravetter and Forzano, 2011). In the current study, the participants of the
current study are from a highly prestigious university in Turkey. Therefore, it is
possible that the participants of the study have different attitudes toward
statistics than students in other universities in Turkey and than the students in
other countries. This prevents the results being generalized to other
populations. Therefore, the current study is limited to the participants of the

study who were enrolled in statistics courses in a university in Turkey.

In addition, in the current study, attitudes toward statistics, self-reported
mathematics achievement, and two of the item parcels of statistics outcomes
variables (students’ willingness to use statistics in the remainder of degree
program and willingness to use statistics when employed) were the self-reports
of participants. Therefore, the data collected in this study is limited to the
participants’ perceived levels of related constructs. Likewise, students’
‘statistics grades’ were obtained by using students’ statistics letter grades.
Accordingly, statistics grades variable cannot be generalized to students’

overall statistics achievement.
Lastly, in the current study, all of the variables but students’ statistics grades

after taking statistics courses were measured at a single point in time.

Therefore, the structural relationships proposed in “Statistics Attitudes-
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Outcomes Model” are limited to the single point in time rather than inferring

causal relationships by a longitudinal or an experimental design.
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CHAPTER IV

RESULTS

This chapter presents the results of the study. The chapter is initiated with the
data screening results in terms of missing data, influential outliers and
necessary assumptions for further analyses. Next, descriptive analyses are
presented to describe the participants of the study. Finally, results of the
Structural Equation Modeling (SEM) analysis are presented in order to answer

the research question of the study. The chapter ends with a summary of results.

4.1. Data Screening

Before running SEM, the data should be carefully screened for several
characteristics. In the current study, firstly, negatively worded items were
reversed to make the data ready for the subsequent analyses. Secondly, data
were examined in terms of missing values, influential outliers, normality,
linearity, homoscedasticity, and multicollinearity (Kline, 2005). SPSS 15 was

used in order to test these assumptions.

4.1.1. Missing Data

In this study, all the variables except ‘grade’ variable (with 13.4% missing
cases) had less than 2% missing cases (Appendix B). Missing value analysis
was conducted to detect whether missingness was completely at random

(MCAR). Little’s Missingness Completely at Random (MCAR) test indicated
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that the missing data pattern was considered to be completely missing at
random since the analysis resulted in a statistically non-significant chi-square
value, ¥2(211) = 228.07, p = .20. As the data were missing completely at
random, two options for dealing with randomized missing values were possible
in an SEM analysis: listwise deletion and imputation. Imputation refers to “the
process of estimating the missing data of an observation based on valid values
of other variables” (Hair et al., 1998). In the current study, an imputation
method was used to deal with missing values; because, listwise deletion
reduces the number of participants that might be less representative of the
population. Consequently, in this study, an imputation method, maximum
likelihood of estimation which is the most widely used estimation algorithm in
Structural Equation Modeling, was used to replace the missing values (Kline,

2005).

4.1.2. Influential Outliers

Outliers are observations with a unique combination of characteristics
identifiable as distinctly different from the other observations (Hair et al.,
1998). A univariate outlier has an extreme score on a single variable, whereas a
multivariate outlier has extreme scores on two or more variables. Box-plots
were examined in order to search for univariate outliers for the variables
entered into the Structural Equation Modeling equations. There were 22
univariate outliers (Appendix C). As SEM is a multivariate analysis, univariate
outliers were not taken into consideration but multivariate outliers were of
special importance. In order to examine the data in terms of multivariate
outliers, Mahalanobis distance (Mahalanobis D? was used. Mahalanobis D?is a
measure of distance in multidimensional space of each observation from the
mean center of multidimensional centrality (Hair et al., 1998). Only three cases
were detected as multivariate outliers as they exceeded the critical value,

F(18,182) = 47.06, p<.01 (Appendix C). There were no differences between
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the model fit indices when the analyses were generated with and without
outliers. Therefore, the analyses were preceded with complete data set

throughout the study.

4.1.3. Univariate and Multivariate Normality

The results of the tests used for univariate and multivariate normality
assumptions were presented in Appendix C. Univariate normality of the data
distribution was inspected by using Skewness (asymmetry), Kurtosis
(peakedness) values, and the Quantile by Quantile plots (Q-Q plots) of the
variables entered into SEM analyses. Plots revealed a 45-degree line, indicating
that departures from normality were acceptable. Skewness and Kurtosis values
were close to zero indicating that the distribution is close to normal
(Tabachnick & Fidell, 2007). Mardia’s test was used to examine multivariate
normality. The test revealed a significant result indicating non-normal
multivariate distribution. As a remedy, maximum likelihood estimation with
robust standard errors (MLR) method, an estimation method used in SEM
analyses which did not require multivariate normality, was used throughout the

study (Muthen & Muthen, 2007).

4.1.4. Linearity and Homoscedasticity

Linearity refers to the linear relationship between variables, when
homoscedasticity refers to the assumption that dependent variable(s) exhibit
equal levels of variance across the range of predictor variables (Hair et al.,
1998). Linearity and homoscedasticity are the aspects of multivariate normality
that can be evaluated by the inspection of bivariate scatter plots (Kline, 2005).
In the present study, inspection of bivariate scatter plots resulted oval-shaped
array of points demonstrating that variables are linearly related and their

variances are homogenously distributed.
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4.1.5. Multicollinearity

Multicollinearity represents the degree to which any variable’s effect can be
predicted or accounted for by the other variables in the analysis (Hair et al.,
1998). In this study, inter-correlations among item parcels ranged from .01 to
.77 (Appendix D). Therefore, no multicollinearity problem was encountered, as

these values did not exceed the critical value of .90 (Kline, 2005).

4.2. Descriptive Statistics

In this part, frequencies and percentages, means and standard deviations, and
bivariate correlations among the variables are presented in order to describe
participants’ characteristics in terms of their mathematics achievement,
expectancy of statistics success, statistics achievement, willingness to use
statistics, and attitudes toward statistics. SPSS 15 software was used to run the

descriptive statistics analyses.

4.2.1. Students’ Mathematics Achievement

Students were asked to rate their past and overall mathematics achievement
from 1 (very bad) to 7 (very good). Of all the students (n=247), 2 (.8%)
students rated their past achievement as 1 out of 7 (very bad); 2 (.8%) students
rated as 2 out of 7; 7 (2.8%) students rated as 3 out of 7, 23 (9.3%) students
rated as 4 out of 7 (neutral); 52 (21.1%) students rated as 5 out of 7; 67
(27.1%) students rated as 6 out of 7; and 92 (37.2%) students rated as 7 out of
7 (very good). That is, most of the participants (n=211, 85.4%) reported that
they were doing well at their past mathematics courses as they rated their past
mathematics achievement above the neutral value of four. When students were
asked about their overall mathematics achievement, none of the students rated
their overall mathematics achievement as 1 out of 7 (very bad). Of all the

students, 2 (.8%) rated their overall mathematics achievement as 2 out of 7, 4
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(1.6%) students rated as 3 out of 7, 32 (13%) students rated as 4 out of 7
(neutral), 72 (29.1%) students rated as 5 out of 7, 82 (33.2%) students rated as
6 out of 7, and 50 (20.2%) students rated as 7 out of 7 (very good). These
results indicated that most of the participants (n=204, 83.5%) reported their
overall mathematics achievement as high since they rated their overall

mathematics achievement above the neutral value of four (Table 4.1).

Table 4.1

Frequencies and Percentages for Past and Overall Math Achievement

Past Math Achievement Overall math achievement

Rating f % f %
1 2 .8 0 0
2 2 .8 2 .8

3 7 2.8 4 1.6
4 23 9.3 32 13

5 52 21.1 72 29.1

6 67 27.1 82 332

7 92 37.2 50 20.2
Missing 2 8 5 2

Total 247 100 247 100

4.2.2. Students’ Expectancy of Statistics Success

Frequencies and percentages are presented with regard to students’ expectancy
of statistics success. Students were asked to write the letter grade that they
expect to get after taking their current statistics courses. Of all the students, 9
(3.6%) students stated that they expected to get FF, 11 (4.5%) students
expected to get FD, 18 (7.3%) students expected to get DD, 23 (9.3%) students
expected to get DC, 31 (12.6%) students expected to get CC, 29 (11.7%)
students expected to get CB, 49 (19.8%) students expected to get BB, 44
(17.8%) students expected to get BA, and 28 (11.35) students stated that they
expected to get AA at the end of taking their current statistics courses (Table

4.2).
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Table 4.2

Frequencies and Percentages for Expectancy of Success in Statistics Course

Expected
glj’ade f %
FF 9 3.6
FD 11 4.5
DD 18 7.3
DC 23 9.3
CC 31 12.6
CB 29 11.7
BB 49 19.8
BA 44 17.8
AA 28 11.3
Missing 5 2.0
Total 247 100

As seen in Table 4.2, of all the students 20 (8.1%) students were expecting to
fail their statistics courses with FF or FD. More than half of the participants
(n=150, 60.6%) were expecting to get statistics grades higher than CC and
about half of the students (48.9%) were expecting to be successful in their

statistics courses by getting statistics grades BB or higher.

4.2.3. Students’ Statistics Achievement

Students’ statistics achievement was measured by their total grades earned at
the end of taking statistics course. The information of their grades was obtained
from Student Affairs’ Information System of the university after student
affairs’ registration office announced the grades. Students’ grades ranged from
DD (1 out of 7) to AA (7 out of 7). Descriptive analysis revealed that
participants of the study had, approximately, an average achievement of

statistics (M = 4.86, SD = 1.97) at the end of taking statistics courses.
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4.2.4. Students’ Willingness to Use Statistics

Frequencies and percentages are presented in order to portray students’
willingness to use statistics in the remainder of their program of study.
Students were asked to rate from 1 (not at all) to 7 (a great deal) to the
questions how much they would use statistics when they pursue the remainder
of their program of study and how much they would use statistics when they

are employed (Table 4.3).

Table 4.3

Frequencies and Percentages for Willingness to Use Statistics (n = 247)

Willingness to Use Statistics

Remainder of Program of Study When Employed
Ranking f % f %
1 11 4.5 10 4.0
2 13 5.3 16 6.5
3 30 12.1 27 10.9
4 53 21.5 56 22.7
5 50 20.2 59 239
6 47 19.0 49 19.8
7 38 15.4 27 10.9
Missing 5 2.0 3 1.2

Of all the students, 11 (4.5%) rated their use of statistics in the remainder of
their program of study as 1 out of 7 (not at all); whereas 13 (5.3%) students
rated as 2 out of 7, 30 (12.2%) students rated as 3 out of 7, 53 (21.5%) students
rated as 4 out of 7 (neutral), 50 (20.2%) students rated as 5 out of 7, 47 (19%)
students rated as 6 out of 7, and 38 (15.4%) students rated as 7 out of 7 (a great
deal). When students’ were asked how much they would use statistics when
they are employed, 10 (4%) students rated as 1 out of 7 (not at all), 16 (6.5%)
students rated as 2 out of 7, 27 (10.9%) students rated as 3 out of 7, 56
(22.7%) rated as 4 out of 7 (neutral), 59 (23.9%) students rated as 5 out of 7, 49
(19.8%) students rated as 6 out of 7, and 27 (10.9%) students rated as 7 out of 7
(a great deal).
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As seen in Table 4.3, more than half of the students (n = 135, 54.6%) were
willing to use statistics in the remainder of their degree program, when about
1/5 of the students (n = 54, 21.9%) were not willing to use statistics in the
remainder of their degree program, and about the same number of students (n =
53, 21.5%) were neutral about using statistics in the remainder of their degree

program.

Similarly, more than half of the students (n = 135, 54.6%) were willing to use
statistics when they are employed when about 1/5 of the students (n = 53,
21.4%) were not willing to use statistics when they are employed, and about
the same number of students (n = 56, 22.7%) were neutral about using statistics
when they are employed. In sum, more than half of the students were willing to
use statistics in the remainder of their degree program and when they are

employed.

4.2.5. Students’ Attitudes Toward Statistics

Means and standard deviations are presented in order to examine students’
attitudes toward statistics. Mean and standard deviation values for SATS-360©
subscales (affect, cognitive competence, value, difficulty, interest and effort)
were measured using a 7-point Likert type scale. Results revealed that students
generally had positive attitudes toward statistics. Accordingly, students had
positive attitudes toward statistics in terms of affect (M = 4.60, SD = 1.38),
cognitive competence (M = 5.43, SD = 1.07), value (M = 5.02, SD = 1.02), and
effort (M =5.10, SD = 1.27).

In terms of interest (M = 4.37, SD = 1.57) and difficulty subscales (M = 3.52,
SD = .88) they had neutral attitudes toward statistics. These results were
consistent with previous findings. Data collected from the students from

Netherlands (Tempelaar et al, 2007), United States (Carlson & Winquist, 2011;
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Carnell, 2008; Mills, 2004), and South Africa (Coetzee & van der Merwe,
2010) revealed similar results that students generally had neutral or positive
attitudes toward statistics at the end of taking statistics courses. The mean and

standard deviation values for SATS-36© subscales are presented in Table 4.4.

Table 4.4

Means and Standard Deviations for Attitudes toward Statistics (n = 247)

SATS-36© Components M SD

Affect 4.60 1.38
Cognitive Competence 5.43 1.07
Value 5.02 1.02
Difficulty 3.52 .88

Interest 4.37 1.57
Effort 5.10 1.27

4.2.6. Correlations Among Variables

Pearson correlations were calculated to make preliminary judgments on
complex relationships among study variables. For this purpose, bivariate
correlations were presented among cognitive competence, affect, value,
difficulty, effort, interest, self-reported mathematics achievement, and statistics
outcomes variables. The results of the Pearson correlations are presented in

Table 4.5.

Table 4.5

Correlations Among Variables (n = 247)

1 2 3 4 5 6 7 8
1. Affect 1
2.Cognitive Competence .68%* 1
3. Value 43% .36* 1
4. Difficulty 48 A41% 10 1
5. Interest .62% 40*%  .66* .05 1
6. Effort 26% A8*%  28*% - 13*  49% 1
7. Statistics Outcomes 38% 35%  51% .01 STk 44% 1
8. Math Achievement .06 .07 .07 .03 .02 =02  14* 1

*p<.05
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The strength of correlation is often categorized as weak, moderate, or strong.
However, there is no agreement on what these terms mean (Veaux, Velleman,
& Bock, 2006). In the current study, the criterion used by Field (2005), and
Coolidge (2006) was employed. That is, the correlation coefficients of .10
represent low correlation, .30 represent medium correlation and .50 represent

strong correlation.

As presented in Table 4.5, the correlation coefficients among statistics
outcomes and all of the attitudes toward statistics variables but difficulty were
statistically significant. The statistically significant correlations were positive.
The correlations among statistics outcomes and cognitive competence (r = .35,
p<.05), effort (r = .44, p<.05), and affect (r = .38, p<.05) were moderate and
statistically significant; correlations among statistics outcomes and value (r =

.51, p<.05) and interest (r = .57, p<.05) were strong and statistically significant.

However, the correlation between statistics outcomes and difficulty was not
statistically significant (r = .01, p>.05), indicating that statistics outcomes are
not dependent on students’ perceptions about the difficulty of statistics as a
subject. These results showed that students’ scores on statistics outcomes were
higher when they reported high cognitive competence, effort, affect, value, and
interest scores. That is, the more students had positive affect toward statistics,
felt cognitive competence, valued statistics, were interested in statistics, and
spent effort to learn statistics the higher their scores on statistics outcomes

were.

There was a positive and statistically significant but low correlation between
mathematics achievement and statistics outcomes (r = .14, p<.05); but, there
was no statistically significant correlation between math achievement and any
one of the attitudes toward statistics variables. This result indicated that

students who reported high math achievement scores had high statistics
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outcomes scores, although this relationship was low; and students’ attitudes
towards statistics were not related to their self-reported mathematic

achievement.

There were strong, statistically significant, and positive correlations between
affect and cognitive competence (r = .68, p<.05), affect and interest (r = .62,
p<.05), value and interest (r = .66, p<.05), indicating that students who
reported that they like statistics also reported that they felt cognitive
competence and interest in statistics. Students who reported that they were

interested in statistics reported that they valued statistics.

There were moderate, statistically significant, and positive correlations
between value and affect (r = .43, p<.05), difficulty and affect (r = .48, p<.05),
value and cognitive competence (r = .36, p<.05), difficulty and cognitive
competence (r = .41, p<.05), interest and cognitive competence (r = .40,
p<.05), and effort and interest variables (r = .49, p<.05). These results indicated
that students who reported that they like statistics also reported that they valued
statistics and thought that statistics was an easy subject. Students who reported
that they felt cognitive competence in statistics also reported that they valued
statistics; they thought that statistics was an easy subject, and they were
interested in statistics. Students who reported that they were interested in

statistics also reported that they devoted effort to learn statistics.

There were statistically significant but low correlations between effort and
affect (r = .26, p<.05), cognitive competence (r = .18, p<.05), value (r = .28,
p<.05), and difficulty (r = -.13, p<.05). That is, students who reported that they
devoted effort on learning and using statistics also reported that they like, felt
cognitive competence in statistics, valued statistics and found statistics as an
easy subject. In addition, the correlations between value and difficulty (r = .10,

p>.05), and interest and difficulty (r = .05, p>.05) variables were not
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statistically significant, indicating that students valuing of statistics and their
individual interest in statistics were independent of their perceptions of the

difficulty of statistics as a subject.

4.3. Preliminary Analysis

Preliminary analyses were carried out in order to examine whether students in
different grade levels had different levels of attitudes toward statistics. Means
and standard deviations were presented to describe students’ attitudes toward
statistics by their grade levels (Table 4.6). Analysis of variance (ANOVA) was
conducted for each attitudes toward statistics component to investigate whether
there was any statistically significant difference in terms of different grade
levels. In addition to the statistical significance, the strength of the effect sizes

were calculated.

Table 4.6
Means and Standard Deviations for Attitudes Toward Statistics by Grade
Levels (n=236)

undergraduate graduate
2th year 3th year 4th year master PhD
(n=89) (n=52) (n=15) (n=57) (n=23)

Components
M SD M SD M SD M SD M SD

cognitive 5.24 1.02 550 1.07 544 99 567 114 523 95

value 4.72 99 490 1.14 5.11 L7 535 1.06 551 .58
difficulty 3.47 83 378 91 376 1.12 3.3l .76 3.33 .95
interest 3.77 1.56 4.13 136 408 128 512 153 547 98
effort 4.75 1.17 479 137 484 154 577 109 559 1.02
affect 4.27 137 483 134 453 141 475 138 4795 1.07

ANOVA was conducted for each attitude component to test whether grade
level had statistically significant impact on the components of attitudes toward

statistics.
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Prior to the analysis, homogeneity of variances among groups was assessed.
Except value component, homogeneity of variances were assumed for all the
components as Levene’s tests were statistically non-significant, p>.05. As
multiple significance tests were applied, the alpha level was set to .025 to
control for the Type I error, which occurs when a statistical test rejects a true
null hypothesis (Field, 2005). For the value component, alpha level was set to

.001, as the group variances were significantly different.

The results of the ANOVA revealed that students’ interest in statistics,
F(4,231)=11.56, p<.025, and effort they spent to learn statistics,
F(4,231)=8.21, p<.025, were significantly different for the students from
different grade levels. However, when the strength of the associations were
investigated, effect sizes were small for interest and effort components. In
other words, grade level had small effect on students’ interest in statistics, 7° =

.019, and on effort they spent to learn statistics, #° = .007.

When pairwise comparisons were examined, it was found that from ten
pairwise comparisons, four comparisons were statistically significant for
interest variable and two comparisons were statistically significant for effort
variable. In sum, it was assumed that students’ coming from different grade

levels did not distort the results of the current study.

4.4. Model Testing

In order to test the hypothesized structural regression model, the two-step rule
was applied. The two-step rule suggests that in order to test a structural
regression model firstly, the measurement portion of the model must be
identified and, secondly, the structural portion of the model must be identified.

In the current study, as a first step, the eight-factor confirmatory factor analysis
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(CFA) model was examined to test the measurement model. In the second step,

the model with a structural portion was examined.

Maximum likelihood parameter estimates with standard errors and a chi-square
test statistics that are robust to non-normality (MLR) was used as an estimation
method (Muthen & Muthen, 2007) in order to test the measurement and
structural portion of the hypothesized structural regression model. Mplus

student version 5.21 was used for SEM analyses.

4.4.1. Measurement Model

The associations among the latent variables (mathematics achievement,
difficulty, cognitive competence, affect, interest, value, effort, statistics
outcomes) and the indicators (item parcels) were tested in an eight factor
measurement model by using a confirmatory factor analysis technique.
Multiple criteria were used to interpret the results of the measurement model

tested by Confirmatory Factor Analysis (CFA).

Firstly, measures of overall fit were examined considering several indices.
Secondly, parameter estimates were examined to ensure that they are in the
right direction and of reasonable size. Thirdly, latent factor correlations were
inspected, and fourthly, factor determinacies were examined. Lastly,
standardized residuals were examined to determine whether there were any
aspects of the model that did not fit the data well (Dilalla, 2000). The tested

measurement model is presented in Figure 4.1.
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Figure 4.1 Measurement Model

Note: Al-A3: Affect item parcels, Competence: Cognitive Competence, C1-C3: Cognitive
Competence item parcels, V1-V3: Value item parcels, D1-D3: Difficulty item parcels, E1-E3:
Effort item parcels; 11-13: Interest item parcels, expe= Expectancy of Success, py=Previous
Math Achievement, mat=Overall math achievement, emuse= willingness to use statistics when
employed, uniuse= willingness to use statistics in the remainder of the degree program
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Several model fit indices were inspected to examine the measures of overall
model fit (MacCallum et al., 1996). In addition to model chi square, normed
chi square (x*/df), Comparative Fit Index (CFI), Root Mean Square Error of
Approximation (RMSEA), and Standardized Root Mean Square Residual
(SRMR) fit indexes were inspected in this study. The chi square value was
significant y* (224) = 387.163, p=.00, indicating that the model predicted
relations that were significantly different from the relations observed in the
sample. The normed chi square (x*/df) was used to correct for the sample size
sensitivity of the model chi square. The normed chi square value, which was
1.73, indicated a reasonable fit as values close to 2 have been recommended as
demonstrating reasonable fit (Kline, 2005). Consistently, CFI= .93, indicated
reasonably good fit of the model to the data as suggested by Marsh, Hau, and
Wen (2004). SRMR=.06 and RMSEA=.05 with the 90 percent confidence
interval of .05 to .06 also indicated close approximate fit of the model (Kline,
2005; MacCallum, Browne, & Sugawara, 1996). In sum, values of the selected
fit indices consistently indicated that hypothesized measurement model fits the
data well. In addition to the model fit indices, path coefficients were examined
to interpret the results of the CFA. Unstandardized estimates of the path
coefficients are interpreted as unstandardized regression coefficients that
estimate the direct effects of the factors on indicators. The unstandardized path
coefficients of the CFA model are presented in Appendix E. The
unstandardized coefficients showed that all the indicators’ loadings on their
respective latent variables were statistically significant. Standardized path
coefficients are analogous to beta weights in regression. The standardized path
coefficient values less than .10 indicate small effect; values around .30 indicate
medium effect; and values greater than .50 indicate large effects (Kline, 2005).
In the current study, standardized factor loadings were all statistically
significant and ranged from .24 (medium) to .91 (large). The results revealed

from path coefficients demonstrated that the indicators (item parcels)
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represented in the model were well explained by the corresponding factors

(Figure 4.2).
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Figure 4.2 Standardized Path Coefficients in Measurement Model

Note: *p<.05, Al-A3: Affect item parcels, Competence: Cognitive Competence, C1-C3:
Cognitive Competence item parcels, V1-V3: Value item parcels, D1-D3: Difficulty item
parcels, E1-E3: Effort item parcels; 11-13: Interest item parcels, expe= Expectancy of Success,
Pma=Previous Math Achievement, mat=math achievement, emuse= willingness to use statistics
when employed, uniuse= willingness to use statistics in the remainder of the degree program
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In order to interpret the tested measurement model, factor correlations were
also taken into consideration. The results revealed that 19 out of 28 correlations
were statistically significant. Most of the significant correlations were low or
moderate. Statistically low and moderate as well as non-significant associations
suggested discriminant validity. That is, the latent variables in the model were
empirically distinguishable. However, the correlation between cognitive
competence and affect was very strong (r = .85, p<.05). This amount of strong
correlation could cause multicollinearity; but, this amount of association was
expected since previous studies reported such high correlation between
cognitive competence and affect latent variables (Dauphinee, 1997; Hilton et
al., 2004; Tempelaar et al., 2007). Moreover, it was reported that cognitive
competence and affect were theoretically distinct constructs (Hilton et al,
2004). Therefore, cognitive competence and affect variables were accepted as
distinct variables in the current study. The correlation coeffiencts between

estimated latent variables are presented in Table 4.7.

Table 4.7

Estimated Latent Variable Correlations (n = 247)

1 2 3 4 5 6 7 8

1.Math achievement 1 .06 .16* .03 .07 .10 .08 26*
2.Difficulty 1 .67%  -14 .07 .62% .10 -.05
3.Cognitive competence 1 24*% 57 85*%  .50*% 37
4 Effort 1 S4% 0 30% 0 30*% 44*
5.Interest 1 69%  T76*%  70*
6.Affect 1 A7*%  39%
7.Value 1 73%
8.Statistics outcomes 1
*p<.05

In order to examine how well the latent variables were measured by observed
variables, factor determinacies were inspected. Factor determinacies are the
proportion of variance in each factor explained by the observed variables.
Higher proportions of variance explained indicate better fit (UCLA Academic

Technology Services, no date). In the current study, factor determinacy values
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ranged from .89 to .96, demonstrating that, overall, the factors of the
measurement model were measured well (Dilalla, 2000). Factor determinacies

for the measurement model are presented in Table 4.8.

Table 4.8
Factor Determinacies (n = 247)
Factors Factor determinacy values

Math achievement .89
Difficulty .90
Cognitive competence 95
Effort .93
Interest 96
Affect 95
Value 95
Statistics outcomes 91

Lastly, standardized residuals for covariances/correlations were examined in
order to investigate whether there were any aspects of the model that did not fit
the data well. The results revealed that standardized residuals were not high,
indicating that the measurement model was adequately accounting for the

covariance/correlation among the variable pairs (Appendix F).

4.4.2. Structural Regression Model

Multiple criteria were used to interpret the Structural Regression model. In
order to interpret the overall fit of the hypothesized “Statistics Attitudes-
Outcome Model” to the data of the current study, several model fit indices
were examined. These were chi-square, normed chi-square, CFI, SRMR, and
RMSEA. In addition, parameter estimates were examined to interpret the effecs
on endogenous variables from other variables presumed to directly predict
them. Next, the indirect and total effects were examined to interpret the effects
on dependent variable (statistics outcome) from other variables through

indirect and all presumed ways, respectively. Lastly, squared multiple
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correlation coefficients were examined to investigate the amount of variance in

each latent variable that was explained by the model.

The chi-square value was significant ¥*(235) = 409.761, p<.05, indicating that
the model predicted relations that were significantly different from the relations
observed in the sample. However, as stated earlier, many problems have been
reported related to y? as a fit statistics. Therefore, several other model fit
indices were examined in terms of their consistency with each other. The
normed chi-square value was 1.74, indicating a reasonable fit. Consistently,
CFI = .93, indicated reasonably good fit of the model to the data. SRMR = .07
and RMSEA=.06 (90 % CI = .05-.06) also indicated close approximate fit of
the model (Kline, 2005). In sum, values of the selected fit indices consistently

indicated that hypothesized structural regression model fitted the data well.

Results indicated that the standard errors of the parameters (S.E.) ranged from
.05 to .28, indicating that the estimates were reasonably determined (Appendix
G). In addition, all factor loadings of the measurement portion were
statistically significant, and ranged from .23 (medium) to .90 (large). That is,
indicator variables were significantly explained by their corresponding latent

variables.

The standardized parameter estimates for the structural portion of the model
revealed ten out of sixteen statistically significant coefficients, indicating that
ten of the sixteen presumed direct effects on endogenous variables from other
variables were statistically significant. The statistically significant coefficients
ranged from y = .20 (small effect) to y = .86 (large effect). The six non-
significant coefficients were the direct effects from math achievement to
cognitive competence and affect, cognitive competence to effort, affect to
value; and cognitive competence and affect to statistics outcomes. The

standardized parameter estimates are presented in Figure 4.3.

94



€p1 Cp2 €p3
S54%

D2

ST*
. €,
27 uniuse
Cma
28%*
<_
.64% €muse Ce
€pm

grade (¢~ e,

¥ 42%

Interest

L WTE L e 4 jox

28 evi eva evs
€Al €aA2 €a3
11 12 13
L WIT 450+ L T
€i1 € €i3
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significant paths, *p<.05. Note: A1-A3: Affect item parcels, Competence: Cognitive Competence, C1-C3: Cognitive Competence item parcels, V1-V3:
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Achievement, mat=Overall math achievement, emuse= willingness to use statistics when employed, uniuse= willingness to use statistics in the remainder of the
degree program
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Results revealed that mathematics achievement, effort and value had
statistically significant direct effects on statistics outcomes variable. The direct
effects of effort (y = .20, p<.05) and mathematics achievement (y = .21, p<.05)
on statistics outcomes were small when the direct effect of value (y = .68,
p<.05) on statistics outcomes was large. That is, when students had higher self-
reports of mathematics achievement, spent more effort in statistics courses, and
valued statistics they had higher statistics outcomes at the end of their statistics
courses. This result also demonstrated that value had more contribution than
effort and mathematics achievement with regard to explaining students’
statistics outcomes. On the other hand, interest had statistically significant
direct effects on effort and value variables. The direct effects of interest on
effort (y = .62, p<.05) and on value (y = .78, p<.05) were both positive and
large. These results indicated that students’ interest in statistics predicted their
effort for learning statistics and valuing of statistics, which in turn predicted
their statistics outcomes at the end of taking statistics courses. In other words,
students who had higher interest in statistics valued statistics and spent effort in
statistics; and therefore, had higher statistics outcomes at the end of statistics
courses. In turn, cognitive competence, difficulty, and affect had statistically
significant direct effects on interest variable. The direct effect of difficulty on
interest was negative and large (y = -.64, p<.05), indicating that students who
perceived statistics as an easy subject were less interested in statistics.
However, the direct effect of affect on interest was positive and large (y = .74,
p<.05), indicating that students who had positive feelings about statistics were
interested in statistics. The direct effect of cognitive competence on interest
was positive and medium (y = .39, p<.05). That is, when students had higher

cognitive competence in statistics they were more interested in statistics.

Cognitive competence had statistically significant direct effect on affect
variable. This direct effect was positive and large (y = .86, p<.05), indicating

that when students had high cognitive competence in statistics they had more
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positive feelings toward statistics. In turn, difficulty had statistically significant
direct effect on cognitive competence. The direct effect of difficulty on
cognitive competence was also positive and large (y = .68, p<.05), indicating
that when students perceive statistics as an easy subject their cognitive
competence in statistics were high. Taken together, these results demonstrated
that when students perceive statistics as an easy subject they had higher

competence, and accordingly they had positive feelings about statistics.

Beside the direct effects, several total indirect effects were found to have
statistically significant contribution to the prediction of statistics outcomes
variable (Table 4.8). Although affect had no statistically significant direct
effect on statistics outcomes variable, it had medium (.46) and statistically
significant total indirect effect on statistics outcomes. More specifically, the
indirect effect of affect on statistics outcome through interest and value was
medium (.39) and statistically significant (Appendix H). That is, when students
had positive feelings toward statistics, they were interested in statistics and
therefore they valued statistics and they had higher statistics outcomes at the
end of taking statistics courses. Like affect, cognitive competence had
statistically significant total indirect effect on statistics outcomes variable, even
though its direct effect was not statistically significant. The total indirect effect
of cognitive competence on statistics outcomes was large (.70). The
statistically significant indirect effect of cognitive competence on statistics
outcomes was through the paths of affect, interest, and value and medium (.33)
(Appendix H). That is, when students had higher cognitive competence in
statistics they had more positive feelings about statistics, which resulted with
their high interest in statistics. The more they were interested in statistics they
valued statistics; and therefore, they had higher statistics outcomes. Lastly,
interest had statistically significant and large total indirect effect on statistics
outcomes (.65). The indirect effect of interest on statistics outcomes through

value was large (.53) and statistically significant. However, its indirect effect
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on statistics outcomes through effort was small (.12) but statistically
significant. This result showed that when students were interested in statistics
their valuing of and spending effort on statistics was getting higher, and they
got higher statistics outcomes. This result also demonstrated that the indirect
effect of interest on statistics outcomes though value had more contribution to
predict statistics outcomes than that of effort. The summary of the direct, total

indirect and total effects are presented in Table 4.9.

Table 4.9
Standardized Direct, Total Indirect and Total Effects (n = 247)

(5] wn N
- > 27 O O
3 S o 3 5 3 S £
& 2 £ ) S = 20
s 28 2 &8 £ :Z&
Q w1 ©
Mathematics Direct Effects -.04 11 - - - 21*
achievement Total Indirect .09 - .01 -.02 .00 04
Total Effects .05 11 .01 -.02 .00 25%
Difficulty Direct Effects - .68%* -.64% - - -
Total Indirect S58* - .69* -49% - 50%* -.10
Total Effects 58* .68 .05 -49% - 50% -.10
Affect Direct Effects - - 74%* - -.03 .09
Total Indirect - - - 46* 58%* 46*
Total Effects - - 74%* 46* S55% 55%*
Cognitive Direct Effects .86%* - .39% -.14 - -.14
competence Total Indirect - - .64%* .64%* .28 70%
Total Effects .86* - 1.03* S50* 28 56*
Interest Direct Effects - - - .62% 18* -
Total Indirect - - - - - .65%
Total Effects - - - .62% 18* .65%
Effort Direct Effects - - - - - .20%*
Total Indirect - - - - - -
Total Effects - - - - - .20%*
Value Direct Effects - - - - - .68*
Total Indirect - - - - - -
Total Effects - - - - - .68%
*p<.05
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The total standardized effect of a variable is the sum of its total indirect effects
and the direct effects. In other words, total effects are the amount of effects via
all presumed pathways (Kline, 2005). As statistics outcomes variable is the
outcome variable of the study, the total effects on statistics outcomes are the
primary interest. The total standardized effects of affect, cognitive competence,
interest and value on statistics outcomes were large. More specifically, affect,
cognitive competence, interest and value had total standardized effects on
statistics outcome as .55, .56, .65 and .68 respectively. However, the total
standardized effects of mathematics achievement and effort on statistics
outcomes were medium, respectively .25 and .20. Only the total standardized
effect of difficulty on statistics outcomes was small and statistically non-
significant. This result demonstrated that, affect, cognitive competence,
interest, and value variables had the biggest contribution to predict statistics
outcomes through their all presumed pathways. In addition, mathematics
achievement and effort variables had medium contribution to predict statistics
outcomes through their all presumed pathways. However, difficulty had no
statistically significant contribution to explain statistics outcomes through all
its presumed ways, since the direct and indirect effects of the difficulty were in

opposite directions.

In order to examine the amount of variance in each latent variable that was
explained by the model, the squared multiple correlation (R?) coefficients for
latent variables were inspected. The results showed that the hypothesized
model explained statistically significant amount of variance for each latent
variable. The overall model explained 66% of the variance in statistics
outcomes variable. The overall model also explained 58% of the variance in
value, 31% of the variance in effort, 70% of the variance in interest, 48% of the
variance in cognitive competence, and 73% of the variance in affect, all

statistically significant (Table 4.10).
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Table 4.10

Squared Multiple Correlations for Latent Factors (n = 247)

Variable Estimate S.E.
Outcome .66* .09
Value 58* .06
Effort 31* .06
Interest 70* .07
Cognitive Competence 48% .07
Affect 13%* .07

*p<.05

4.5. Summary of the Results

Descriptive analyses indicated that participants of the study had self-reports of
high past and overall mathematics achievement. Participants were willing to
use statistics in the future and expected to pass their current statistics courses.
They generally reported positive attitudes toward statistics except that they
perceived the difficulty of statistics as neutral and they were indifferent in
terms of their individual interest in statistics. At the end of taking statistics
courses, they had an average grade of statistics. Descriptive results also
demonstrated that students’ scores from different attitudes toward statistics
variables generally correlated with each other. Math achievement was
significantly related to statistics outcomes but not to the attitudes toward
statistics variables. All of the statistics attitudes variables except difficulty

significantly correlated with statistics outcomes.

Structural equation modeling analyses indicated that all of the indicators in the
model were explained by their corresponding factors significantly. The
measurement and structural regression models fitted the data well. Affect,
cognitive competence, interest and value variables had large total standardized
effects on statistics outcomes variable; however, math achievement, and effort
had small total effects on explaining statistics outcomes, and difficulty had

non-significant total effect on explaining statistics outcomes. Overall, the
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hypothesized structural regression model explained large amount of variance,

66% , in statistics outcome variable.
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CHAPTER V

DISCUSSION

This chapter presents the discussions and implications of the results of the
current study. In the first part of this chapter, the results of the study are
discussed with regard to the existing literature. In the second part of the
chapter, implications of these results are presented to provide suggestions for

further research and for the practice of statistics education.

5.1. Discussion of Results

“Statistics cannot prove anything beyond a doubt”

S.R. Jammalamadaka, 1998

The purpose of the current study was to investigate the structural relationships
among self-reported mathematics achievement, attitudes toward statistics, and
statistics outcomes by testing a hypothesized structural equation model, which

is called “Statistics Attitudes-Outcomes Model”.

For the overall model fit, the results of the study showed that the hypothesized
structural regression model, “Statistics Attitudes-Outcomes Model”, was
supported with the data. Statistically significant amount of variance was
explained by the hypothesized model for each latent variable. Overall, the
model explained large amount of variance (66%) in statistics outcomes

variable. In addition to the overall model fit, the contribution of each latent
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variable for the explanation of the model was taken into consideration. Interest
and value variables had the highest and statistically significant total effects on
statistics outcomes via all their presumed pathways. Affect and cognitive
competence latent variables had the second highest and statistically significant
total effects on statistics outcomes via all their presumed pathways. Next,
effort and mathematics achievement had medium and statistically significant
total effects on statistics outcomes via all their presumed pathways. Difficulty
was the only variable that had no statistically significant total effect on

statistics outcomes via all its presumed pathways.

These results indicated that students’ statistics outcomes, which were assessed
by their statistics grades and willingness to use statistics after taking statistics
courses were strongly predicted by students’ personal interests in statistics and
by the extent they value statistics. The more they were interested in statistics
and the more they had positive attitudes toward the value of statistics they had
higher statistics outcomes, which means that they earned higher statistics
grades at the end of taking statistics course and they were willing to use
statistics in the future. In addition, students’ cognitive competence in statistics
and affect toward statistics were found as important factors for explaining their
statistics outcomes followed by the effort they expand to learn statistics and
their self-reported mathematics achievement. That is, students who were
having positive feelings about statistics and having high cognitive competence
in statistics had higher statistics outcomes at the end of their statistics courses.
In addition, when students had high perceptions of their past and overall
mathematics achievement and spent effort to learn statistics, they got higher
statistics grades and became more willing to use statistics in the future.
Although the total effect of students’ perceptions about the difficulty of
statistics was not statistically significant in the tested model, it was statistically
significant for explaining students’ affect toward statistics, cognitive

competence in statistics, effort devoted to learn statistics, and attitudes toward
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the value of statistics. Therefore, it is plausible to conclude that each variable
presented in the model had important roles for explaining statistics outcomes

and for explaining the overall model.

The results of the current study revealed both consistent and contrary findings
with regard to the proposed ‘“Statistics Attitudes-Outcomes Model”, and to the

existing literature.

Results revealed that effort had small but statistically significant direct effect
on statistics outcomes variable. The direction of the effect was positive,
indicating that the more students spent effort to learn statistics the higher their
statistics outcomes were. This result supported the “Statistics Attitudes-
Outcomes Model”, and was consistent with Eccles’ Model; because, Eccles
and her colleagues proposed that relative cost (spent effort) was the
determinant of students’ achievement related choices and performances (Eccles
and Wigfield, 2002). Moreover, this finding was in line with Tempelaar et al.
(2007) as they reported statistically significant direct effect of effort on
students’ statistics achievement in a sample of economics and business students
(n=1458) in Netherlands. Similarly, value variable had statistically significant
direct effect on statistics outcomes, which supported the “Statistics Attitudes-
Outcomes Model”. Like the direct effect of effort, the direction of the direct
effect of value was positive but large, which means that value variable had
more contribution than the effort variable to the prediction of statistics
outcomes. The positive direction of this effect showed that the more
participants valued statistics the higher their statistics outcomes were. This
finding was consistent with Eccles’ Model. In Eccles’ Model, it is proposed
that subjective task value is an important determinant of achievement choices
of individuals (Eccles & Wigfield, 2002; Wigfield & Eccles, 2000, 2002).
Further, this finding was also in line with Tempelaar et al.’s (2007) study as

they reported statistically significant direct effect of value on statistical
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reasoning (which is one of the learning outcomes of the statistics courses)
scores for undergraduate economics and business students (n=1458), in
Netherlands. However, Sorge and Schau (2002) reported that the direct effect
of value on statistics achievement was not statistically significant for
undergraduate engineering students (n=264) in U.S.A. Comparing these three
studies, it is obvious to see that the participants of these studies are highly
diverse with regard to their nationalities and departmental affiliations.
Therefore, it is possible to state that engineering students in U.S.A differed
from the other studies in terms of the structure of the relationship between
value and statistics outcome variables. They might have highly succeeded in
statistics even though they did not appreciate the value of statistics. Lastly,
self-reported mathematics achievement variable had statistically significant
direct effect on statistics outcomes, which was small and positive. This result
supported the “Statistics Attitudes-Outcomes Model”, indicating that when
students perceived their current and overall mathematics achievement high,
their statistics outcomes were high. This finding was also supported by earlier
studies (Nasser, 2004; Sorge & Schau, 2002; Viisidnen, Rautopuro, & Ylonen,
2004; Wisenbaker et al., 2000). However, surprisingly, in the present study, the
direct effect of mathematics achievement on cognitive competence and affect
were not statistically significant, which is contrary to proposed “Statistics
Attitudes-Outcomes Model”. Compared to the theoretical framework, there
occurred some interesting points that need to be considered. Self-efficacy
theory proposes that individuals’ self-efficacy is a function of their prior beliefs
about the task and their experience (Bandura & Schunk, 1981). In addition,
Eccles’ Model assumes that previous achievement related experiences affect
individuals’ affective memories (Eccles, 2005; Wigfield & Eccles, 2000).
However, in this study, students’ cognitive competence and affect toward
statistics were not dependent on students’ self-reports of their mathematics
achievement. This finding might stem from the fact that self-efficacy theory

and Eccles’ Model propose the impact of previous experiences on individuals’
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affective memories and self-efficacy; however, in the current study, self-
reported mathematics achievement involves both past and overall self-reports
of mathematics achievement. As mathematics and statistics are related but
distinct disciplines, students’ previous and overall mathematics achievement
are not the same as their previous achievement related experiences in statistics.
Therefore, it may not be so easy to say that the finding of the study completely
contradicts to the theoretical background. Further, the findings of the current
study were in line with Nasser (2004) as she reported similar results by
collecting data from Arabic speaking pre-service teachers (n=162) in Israel.
She found no significant direct effect of mathematical aptitude (measured by
number of mathematics units studied by the student and his/her rescaled high
school mathematics grade) on attitudes toward statistics, but she found
statistically significant direct effect of mathematics aptitude on statistics
achievement. Consistent with Nasser’s (2004) study, the findings of the current
study showed that the participants of the current study who thought that they
were high or low mathematics achievers did not differ in terms of their
cognitive competence in statistics and in terms of their affect toward statistics;
but, they differed in terms of their statistics outcomes. These results suggested
that students’ cognitive competence and affect toward statistics are
independent of self-reports of mathematics achievement. From this point of
view, the current study suggests that in order for students to have high
cognitive competence and positive affect toward statistics, they do not have to
report high achievement levels in mathematics. These results were in line with
the argument of Garfield and Ben-Zvi (2007). They claimed, “Students who
may not be strong in mathematics may work hard and enjoy statistics”

(Garfield & Ben-Zvi, 2007, pp.379-380).

The results of the study showed that interest had large and statistically
significant direct effect on effort and on value. This finding supported the

“Statistics Attitudes-Outcomes Model”. The direction of the direct effect was
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positive, indicating that the more students were interested in statistics, the more
effort they spent to learn statistics and the more they valued statistics. In
Eccles’ model, the variables of value, interest and effort are involved in
subjective task value component (Eccles & Wigfield, 2002). However, in the
hypothesized model of the current study subjective task value component was
separated into effort, value, and interest variables as distinct constructs. By
finding statistically significant direct effect of interest on effort and on value
variables, the current study supported the investigation of the relationships
among these constructs. Another important finding related to the role of
interest variable in the model was the fact that interest mediated the
relationship between cognitive competence and effort. That is, students’
cognitive competence in statistics did not significantly predict the effort
students expand to learn statistics; however, students’ cognitive competence in
statistics significantly predicted effort via increasing their personal interest in
statistics. The direct effect of cognitive competence on interest was medium
and statistically significant and consistent with “Statistics Attitudes-Outcomes
Model”. This result showed that when participants of the study had higher
cognitive competence they were interested in statistics, and accordingly, they
spent more effort to learn statistics. This finding supported the self-
determination theory as the theory proposes that individuals’ interests in certain
subjects are facilitated by their competency beliefs, which in turn influences
their self-initiation of effort and persistence (Deci & Ryan 2000). This finding
is also in line with Eccles Model that the model suggests that self-concepts of
abilities influence one’s intrinsic value, which in turn influence the
achievement related choices (Wigfield, Tonks, Klauda, 2009). Interest was also
significantly predicted by the indirect effect of cognitive competence through
affect. Taken together, these findings supported the “Statistics Attitudes-
Outcomes Model” and the self-determination theory. The theory proposes that
individuals’ interests in certain subjects are facilitated by their competency

beliefs and feelings of relatedness (Ryan & Deci, 2000; Schiefele, 1991;
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Vallerand, 2000). In addition, this finding also supported Eccles’ Model
(Wigfield, Tonks, Klauda, 2009) as it proposes that one’s intrinsic motivation
and interest are facilitated by self-concepts of abilities and affective memories
and individuals’ affective reactions and memories influence their subjective
task value (that includes interest and value components). In sum, the current
study demonstrated that students’ personal interest in statistics was predicted
both directly by their cognitive competence in statistics and indirectly by the
effect of cognitive competence on affect toward statistics. That is, when
students had high cognitive competence in statistics that directly contributed
them to get interested in statistics; moreover, when they had high cognitive
competence they had positive feelings about statistics and therefore they were

more interested in statistics.

Besides cognitive competence had statistically significant and medium direct
effect on interest, it had positive, large, and statistically significant direct effect
on affect. This finding also supported the “Statistics Attitudes-Outcomes
Model”. That is, the higher the participants’ cognitive competence in statistics,
the more they had positive affect toward statistics. This finding was in line with
Bude~ et al.’s (2007) study since they found statistically significant direct effect
of outcome expectancy (students’ beliefs regarding future success) on affect
toward statistics in a sample of undergraduate health sciences students (n=94),
in Netherlands. Despite the fact that cognitive competence had statistically
significant direct effect on affect and on interest, no significant direct effect of
cognitive competence on effort and statistics outcomes were found, which is
contrary to “Statistics Attitudes-Outcomes Model”. Some of the earlier studies
reported similar results. Bude” et al. (2007) reported non-significant direct
effect of outcome expectancy on effort. Sorge and Schau (2002) reported non-
significant direct effect of cognitive competence on statistics achievement.
However, Tempelaar et al. (2007), found statistically significant direct effect of

cognitive competence on statistics exams and quizzes in a sample of economics
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and business students (n = 1458) in Netherlands. There might be several
reasons for the inconsistent results in these three studies. Sorge and Schau
(2002) conducted their study with engineering students, Bude” et al. (2007)
with health sciences students, and Tempelaar et al. (2007) with economics and
business students. Another reason might be that, students’ statistics
achievement and statistics outcomes were assessed by different measures in
these studies, and lastly these studies were conducted in different countries
with different cultural groups. In addition, in the current study as interest
variable placed between the cognitive competence and effort, it might have
reduced the effect of cognitive competence on effort and on statistics
outcomes. In the current study; although, the direct effect of cognitive
competence on statistics outcomes and on effort was statistically non-
significant, the direct effect of cognitive competence on affect and on interest
were significant; which caused that cognitive competence had large and
statistically significant total effects on effort and statistics outcomes. That is,
despite not directly, students’ cognitive competence in statistics had a
significant role on contributing to the prediction of effort students expand to
learn statistics and to the prediction of students’ statistics outcomes.
Comparing these findings to the theoretical framework, the findings of the
current study are in line with the theoretical framework. Learning theories,
self-efficacy and self-determination theories, and expectancy value theories
propose that individuals’ perception of their performance capabilities and
expectancies for success are the determinants of their achievement and

motivations in certain tasks.

In the current study, it was interesting to find that, the direct effects of affect on
value and statistics outcomes were not statistically significant. This finding was
contrary to the existing literature. Sorge and Schau (2002) reported statistically
significant direct effect of affect on value and on statistics achievement for the

undergraduate engineering students (n = 264) and Bude~ et al. (2007) reported
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statistically significant direct effect of affect on the statistics achievement for
undergraduate health sciences students (n = 94). The previous studies used
statistics achievement as dependent variable; whereas in the current study the
dependent variable is statistics outcomes, as well as sample characteristics are
highly different in these studies. In addition, the tested model in the current
study is highly different from that of previous studies. In the current study,
affect had indirect effect on value through its direct effect on interest.
Likewise, affect had statistically significant indirect effect on statistics
outcomes through its indirect effect on value, which is through interest. As a
result, considering the total effects, the study revealed statistically significant
total effects of affect on value and statistics outcomes. Therefore, the current
study demonstrated that students’ affect toward statistics is an important factor
for explaining students’ statistics outcomes and the value students attributed to
statistics. This relationship was also positive. That is, the more students had
positive affect toward statistics the more they were interested in statistics,
valued statistics and the more they scored higher in terms of statistics
outcomes. From this point of view, it is not wrong to suggest that the current
study is consistent with Eccles’ Model as the model suggests that affective
memories influence subjective task values, which in turn influence
achievement-related choices and performances (Eccles, 1994; Wigfield &

Eccles, 2000; 2002).

Another interesting finding was that the direct and indirect effects of difficulty
on interest were in opposite directions. Difficulty had large and statistically
significant direct effect on cognitive competence and on interest. This finding
was consistent with the “Statistics Attitudes-Outcomes Model”. That is,
students’ perceptions of the difficulty of statistics significantly predicted their
cognitive competence. These findings were also in line with Sorge and Schau’s
(2002) study that they reported statistically significant, positive, and large

direct effect of difficulty on cognitive competence for undergraduate
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engineering students (n = 264). Similarly, students’ perception of the difficulty
of statistics was a statistically significant predictor of interest. Taken together,
since Eccles’” Model (Wigfield & Eccles, 2000) proposes that individuals’
“perception of task demands” influence their “interest-enjoyment value”, their
“self-concept of abilities” and “expectancies for success”, it is possible to state
that these findings supported Eccles’ Model. However, as stated earlier, the
interesting point is that the direct effect from difficulty on cognitive
competence was positive when the direct effect from difficulty on interest was
negative. These results supported Emmioglu et al. (2010) that they reported
positive relationship between cognitive competence and difficulty but negative
relationship between interest and difficulty by collecting data from graduate
students from education disciplines (n = 54). That is, students’ were interested
in statistics less when they thought that statistics is an easy subject; however,
students’ cognitive competence got higher when they thought that statistics is
an easy subject. Therefore, the total effect of difficulty on interest was

invisible.

5.2. Implications for Further Research

The current study was undertaken with undergraduate and graduate students
enrolled in different sections of statistics courses in a highly prestigious,
English medium university in Turkey. Therefore, the results of the study were
generalized to the target population of the study, which is all the undergraduate
and graduate students enrolled in statistics courses in the university that the
study was conducted. It is suggested that further studies should examine these
relationships in a nation-wide context; so that, the hypothesized relationships
can be further generalized by extending current study to the different student
populations in Turkey. In addition, it is suggested that further studies should
conduct cross-cultural comparisons in which the data are collected from

international populations. By this way, it would be possible to examine the
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hypothesized relationships of the current study with regard to their variation

and stability in different cultural contexts.

In the current study, mathematics achievement variable was measured by
obtaining students’ self-reports of their past and overall mathematics
achievement. The results revealed an important finding that self-reports of
mathematics achievement did not have any statistically significant direct effect
on students’ cognitive competence in statistics and on affect toward statistics
but on statistics outcomes. The current study suggests further studies to use
direct measures, such as mathematics achievement tests, for assessing students’
mathematics achievement. In addition, in the current study, two of the
indicators of statistics outcomes (students’ willingness to use statistics in the
remainder of their degree program and their willingness to use statistics when
employed) were also measured by students’ self-reports. Accordingly, it is also
suggested that further studies should utilize direct measures of students’ future
statistics use such as counting the number of statistics courses taken in the

remainder of students’ degree program.

In the current study, all of the variables but students’ statistics grades after
taking statistics courses were measured at a single point in time. Therefore, the
proposed relationships were static rather than longitudinal. It is suggested that
further research should expand on the current study by using a longitudinal
design in which the data are collected prior to, during, and after taking statistics
courses. For example, Eccles and her colleagues (Eccles & Wigfield, 2002;
Wigfield & Eccles, 2000; 2002) suggested that individuals’ performances and
achievement choices influence their previous achievement-related experiences
across time. It is suggested that their proposal should be tested in a further

study by extending the findings of the current study.
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The current study hypothesized and tested a hierarchical (recursive) model in
which the hierarchical relationships were investigated without any reciprocal
paths or feedback loops. It is suggested that further studies should expand the
findings of the current study by testing non-recursive models for examining

reciprocal relationships among variables.

Existing literature review demonstrated that most of the structural equation
modeling studies adapted statistics achievement as an outcome variable (Bude”
et al., 2007; Lalonde & Gardner, 1993; Nasser, 2004; Sorge, 2001). However,
students’ attitudes are also seen important for students’ statistical behavior after
they leave the classroom and students’ choice of enrolling in a new statistics
course (Gal, Ginsburg, & Schau, 1997). Therefore, in the current study, the
outcome variable of the hypothesized model included students’ willingness to
use statistics in the remainder of their degree program and their willingness to
use statistics when employed as well as their statistics grades after taking
statistics courses. It is suggested that further research can expand the current
study by adapting alternative outcome variable(s) such as enrollment in a

future statistics courses.

The variables included in the current study explained a statistically significant
amount of variance (66%) in statistics outcomes; however, there may be other
alternative variables such as students’ demographic characteristics (such as
gender and age) and personality traits (such as perfectionism) that are
important factors for explaining statistics outcomes (Onwuegbuzie & Daley,
1999; Tempelaar, Rienties, Loeff, & Giesbers, 2010). Although, the current
study revealed that the hypothesized “Statistics Attitudes-Outcomes Model”
fitted to the data well, it does not mean that this model is the best possible
model. It is suggested that further research should investigate alternative

models.
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The hypothesized and tested “Statistics Attitudes-Outcomes Model” of the
current study was based on Eccles and her colleagues’ application of
expectancy value theory to mathematics education (Eccles & Wigfield, 1995,
2002; Wigfield & Eccles, 2000). The current study showed that the adaptation
of Eccles’ Model to the statistics education context was well explained by the
data. Further studies could expand on the present findings by adapting

“Statistics Attitudes-Outcomes Model” to different subject domains.

5.3. Implications for the Practice of Statistics Education

Educational scientists categorized learning into cognitive, affective, and
psychomotor domains. In the field of curriculum and instruction, cognitive
domain has gained the most attention. The current study showed that students’
self-reported mathematics achievement and attitudes toward statistics are
important for explaining their statistics grades at the end of taking statistics
courses and for explaining their willingness to use statistics in the future. That
is, this study demonstrated that affective domain is important for explaining
students’ statistics outcomes. Therefore, this study suggests that students’
attitudes should be given high priority when designing and implementing
statistics curricula. It is highly important to suggest that students’ positive
attitudes toward statistics should be among the main goals of the statistics
education; and accordingly, a statistics curriculum should involve various
instructional practices, which enhance students’ positive attitudes toward
statistics. It is also suggested that the effectiveness of statistics curriculum
should be evaluated by assessing students’ attitudes toward statistics as well as
by assessing short term and long-term outcomes. Accordingly, it is suggested
that statistics instructors in universities should be informed and trained about
the importance of their students’ attitudes and how to implement and evaluate

the instruction in a way to enhance students’ positive attitudes.
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Statistics is an important tool for any individual who adapt himself/herself to
the ever-changing world in which numerical data are increasingly presented
(Ben-Zvi & Garfield, 2010). For this reason, especially in higher education,
students from a broad spectrum of disciplines take statistics courses. However,
there has been little attempt to attract students to statistics for many years (Gal
& Ginsburg, 1994; Snee, 1993). Results of the present study showed that the
students’ attitudes toward the value of statistics and their interest in statistics
had the highest contribution for explaining statistics outcomes. The present
study also revealed that students’ cognitive competence in statistics and their
affect toward statistics had the second highest contribution for explaining
statistics outcomes. Accordingly, it is suggested statistics teachers adopt
appropriate instructional methods such as value-reappraisal methods (Acee &
Weinstein, 2010) to enhance students’ awareness about the importance of
statistics both in professional and daily life; and therefore, help to increase
students’ appreciation and valuing of statistics. It is also suggested for statistics
teachers to employ statistics activities that are interesting, enjoyable and fun for
students to participate which would help students to have more interest and
positive affect toward statistics (Berk & Nanda, 1998; Lesser & Pearl, 2008;
Milburn, 2007). It is suggested statistics teachers to be aware of their students’
perceptions about their capabilities in statistics and deliver the instruction
appropriately to the level of students. In addition, revealing the importance of
attitudes toward statistics, current study suggests that students’ attitudes toward
statistics are as necessary as students’ achievement in statistics. For this reason,
it is recommended statistics teachers to assess their students’ attitudes toward
statistics for evaluating the effectiveness of their statistics instruction in terms

of fostering students’ positive attitudes.

The current study also revealed that self-reported mathematics achievement

had a role for explaining statistics outcomes. It is suggested statistics teachers
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to consider the differences in students’ mathematics achievement levels and

adapt the instruction accordingly.

Overall, the current study demonstrated that students’ attitudes toward statistics
played an important role for explaining students’ statistics outcomes. Several
studies suggested that instructional interventions such as technology use
(Suanpang et al., 2004; Wiberg, 2009) increased students’ positive attitudes
toward statistics. Therefore, in sum, it is suggested statistics teachers to adopt
appropriate instructional methods to increase positive attitudes toward

statistics.
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APPENDIX A

TURKISH VERSION OF THE SURVEY OF ATTITUDES TOWARD
STATISTICS-360

Sevgili Ogrenciler,

Tki kisstmdan olusan bu anket istatistize yonelik tutumlarimzi belirlemek amaciyla hazirlanmistir. Ankete
verdiginiz yamtlar tamamen gizli tutulacak ve hig¢ bir sekilde agiklanmayacaktir. Anketin ilk kisminda yer
alan ifadelere ne kadar katildizimz: “Kesinlikle Katilmiyorum icin 17, *Ne katlmiyorum/Ne katiliyorum
icin 47, “Kesinlikle Katthyorum icin 77 ile belirtilmis olan cizelgede ilgili rakamlan yuvarlak icine alarak
belirtiniz. Yamtimz bu ti¢ durum disinda ise sizi en iyi tammladigim diistindiigiiniiz rakami yuvarlak icine
alarak belirtiniz. Anketin ikinci kisnunda ise yine aym sekilde yamitimiza ifade eden rakamu yuvarlak icine
alarak ya da yamtimz: ilgili bosluga yazarak belirtiniz. Sorulan bos birakmamaya ve sadece tek bir
secenek isaretlemeye ozen gosteriniz. Katldizimz icin cok tesekkiir ederiz.
Dog. Dr. Ahmet Ok, as @ metu.edu.tr
Yrd. Dog. Dr. Yesim Capa Aydin, capa@metu.edu.tr
Ars. Gor. Esma Emmioglu, emmioglu @ metu.edu.tr

BOLUM 1
Kesinlikle Ne Katilmiyorum/Ne Kesinlikle
Katilmiyorum Katiliyorum Katihyorum
! Istatistik ddevlerimin hepsini tamamlamaya cahstim. @ @ ©) @ 3 ® @
2 Istatistik dersinde cok galistim. @ @ &) @ ® ® @
3 Istatistizi seviyorum. @ @ &) @ ©) ® @
4 Istatistik problemlerini ¢ozmem gerektiginde kendimi @ ® [6) @ ® ® @
giivensiz hissediyorum. ) )
B Diisiinme bicimimden dolay: istatistizi anlamakta zorluk @ @ Q @ ® ® (@)
cekiyorum.
6 Istatistik formillerini anlamak kolaydir. o @ 3 @ ©) ® @
7 Istatistik degersizdir. @ @ Q@ @ ® ® @
8 Istatistik karmasik bir alandir. @ @ [©)] @ ©)] ® @
g Istatistik mesleki ezitimimin zorunlu bir parcas: olmaldir. @ €] [€)] @ ® ® @
10 Istatistiksel beceriler benim is bulmam kolaylagtiracaktur. ) ®@ (6] @ ® ® @
Il Buistatistik dersinde neler olup bittigine dair higbir fikrim @ @ [€)] @ ® ® @
yok.
12 Baskalanyla istatistiksel bilgi alisverisi yapabilmeye ilgi @ @ [€)] @ ® ® @
duyuyorum.
13 Istatistik tipik bir meslek sahibi i¢in gerekli degildir. @ @ €} @ ® ® @
14 Biitiin istatistik sinavlanina cok calistim. @ @ &) @ ® ® @
15 Simfta istatistik testlerini yaparken yilginhik hissediyorum. @ @ [€)] @ ® ® @
16 Istatistiksel diistinmek is chsindaki hayatim icin gegerli ) @ [©)] @ ® ® @
degildir. i ]
17 Istatistigi glinliik yasantimda kullaninm. @ @ Q @ ® ® @
18 Istatistik dersi boyunca stres altindayim. @ @ &) @ ©) ® @
19 Istatistik dersini almaktan keyif alhyorum. O] @ (€3] @ ® ® @
20 Istatistizi kullanmakla ilgileni yorum. @ ® 3 @ 3 ® @
21 Istatistiksel sonuglar giinlitk yasamda nadiren ortaya cikar. ) @ [€) @ ® ® )
22 Istatistik bircok kisi tarafindan hizli 6grenilebilinen bir 0] ©)] [&)] @ ® ® @
konudur.
23 Istatistiksel bilgileri anlamakla ilgileniyorum. @ @ (€3] @ ® ® @
24 Istatistik Gzrenmek biiylik 6lciide disiplin gerektirir. ©) @ [&)] @ ® ® @
25 Istatistizgin meslek hayatimda uygulamas: yoktur. @ @ &) @ G ® @
26 Istatistik dersinde bircok matematik hatasi yapryorum. @ @ [&)] @ 6] ® @
27 Biitiin istatistik derslerine katilmaya calistim. @ ) 3 @ ® ® @
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BOLUM I devanu

Kesinlikle Ne Katilmiyorum/Ne Kesinlikle

Katllmiyorum Katitliyorum Katiliyorum
28 Istatistik beni korkutur. @ @ €) @ ® ® @
29 Istatistizi ozrenmekle ilgileniyorum. @ @ €] @ ® ® @
30 Istatistik karmasik hesaplamalar icerir. @ @ [€)] @ @ ® @
31 Istatistizi dzrenebilirim. @ @ @ @ ® ® @
32 Istatistik denklemlerini anliyorum. a @ Q @ ® ® @
33 Istatistizin hayatimla bir ilgisi yoktur. @ @ (6] @ ® ® @
34 Istatistik ¢ok tekniktir. @ @ 6] @ ©) ® @
35 Istatistik kavramlarim anlamak bana zor geliyor. @ @ ©)] @ 3 ® @
36 Bircok insan istatistigi 6grenmek icin yeni bir diigiince @ @ )] @ 6] ® @

tarzi zrenmek zorundadir

BOLUM II. Ek Sorular

1. Ogrenci numaraniz *

2. Genel Akademik Ortalamanmz

3. Su ana kadar lisede aldiginiz matematik dersi sayisi
4. Su ana kadar tiniversitede aldiginiz matematik dersi sayis1
5. $u ana kadar iiniversitede aldigimz istatistik dersi say1s1 (bu dénem diginda)

6. Istatistik ders saatleri diginda, bir haftada istatistik calismaya yaklasik olarak kag
saat harciyorsunuz?

7. Béliny Alan ©  Egitim ©  Sosyoloji O Isletme o Miihendislik
QO  Psikoloji ©  Iktisat ©  Matematik o Diger (liitfen belirtiniz) .._...........
8. Simf 1.simf 2. simf 3. simf 4. simf Yiiksek Lisans Doktora Diger
Q o o o e] o] o]
9. Gegmiste aldiginiz matematik derslerinizde ne dlciide Cok bagansizdim Cok bagarihydim
basarihydimz?
@ Q@ @ @ [©) ® @
10. Matematikte ne kadar basarihisiniz? Cok bagansizim Cok bagarihiyim
@ @ @ @ ] ® @
11. Mezun olup ig hayatiniza basladiimizda istatistigi ne kadar  Hig Biiyiik
kullanacaksmiz? kullanmayacagim dlgiide kullanacagim
@ Q@ @ @ 3 ® @
12. Istatistik dersinde islenen konulan bagardiginiza ne lgiide Hig Cok
giiveniyorsunuz? giivenmiyorum giiveniyorum
@ Q@ @ @ 3 ® @
13. Bu derste iglenen konularin sizin i¢in zorluk derecesi nedir?  Cok kolay Cok zor
@ @ @ @ 3 ® ]
14, Okulunuzu bitirene kadar istatistizi ne élciide Hig Biytik
kullanacaksimiz? kullanmayacagim dlciide kullanacagim
@ @ @ @ ] ® @
15. Secim sansimz olsa baska bir istatistik dersini segme Asla se¢mem Kesinlikle secerim
olasiligimiz nasil olurdu?
@ @ @ @ 3 ® @
16. Gegen hafta siiresince genel stres diizeyiniz nasildi? Cok az Cok fazla
@ @ @ @ 3 ® @
17. Bu dersten alacagimiz notu tam olarak biliyor musunuz? O Evet O Hayir
18. Bu dersin sonunda hangi notu almay: 90-100 83-89 B0-84 7579 T0-74 6569  60-64  50-59 49 veals
bekliyorsunuz? o} o} o o o o o o o

*Bu bilgi ders notunuzu &grenebilmemiz icin gereklidir. Kesinlikle baskalariyla paylasilmayacaktir.

Calismanuza kattldigimz icin tesekkiir ederiz.
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Syntax:

MISSING VALUE ANALYSIS

APPENDIX B

GET FILE='E:\yeni\tez\dissertation data\son_10_09.sav'.

DATASET NAME DataSet] WINDOW=FRONT.
MVA grade gpa ach_math Pmatnew A1 A2 A3C1 C2C3V1V2V3D1D2D311E31213El
E2 employ_use univ_use/DPATTERN/EM TOLERANCE=0.001 CONVERGENCE=0.0001

ITERATIONS=25) .

Selected output:
Univariate Statistics
issing No. of Extreme’
N Mean |Std. Deviation| Count Percent High
grade 214 | 4.8645 1.96814 33 13.4 0 0
ach_math 242 5.5620 1.06153 5 2.0 6 0
Pmatnew 245 3.5959 .60393 2 .8 2 0
C2 247 5.2955 1.26784 0 .0 4 0
C3 247 5.1802 1.26593 0 .0 5 0
VA 247 5.0904 1.05223 0 .0 2 0
V2 247 5.0810 1.20550 0 .0 3 0
V3 247 | 4.8968 1.29267 0 .0 2 0
D1 247 3.4366 1.06423 0 .0 0 3
D2 247 3.3320 1.18043 0 .0 0 2
D3 247 3.7854 1.17931 0 .0 0 2
11 247 | 4.1154 1.59262 0 .0 0 0
12 244 | 4.2500 1.83446 3 1.2 0 0
13 247 4.7409 1.73371 0 .0 15 0
E1 246 4.8455 1.53614 1 4 7 0
E2 245 | 4.7429 1.67038 2 .8 11 0
E3 247 5.7146 1.27057 0 .0 5 0
A1 247 | 4.7045 1.59957 0 .0 0 0
A2 247 | 4.4636 1.49208 0 .0 0 0
A3 247 | 4.6235 1.56691 0 .0 0 0
C1 247 5.2632 1.23449 0 .0 3 0
employ_use| 244 | 4.6107 1.55557 3 1.2 10 0
univ_use 242 | 4.6983 1.63339 5 2.0 11 0

2. Number of cases outside the range (Q1 - 1.5*IQR, Q3 + 1.5*IQR).

EM Meads

= 3
S| = é § o I q| » [NE ) o) o 2 §
gl g 5 8| |2 2538|8582 8| a8 | o 2 ol ol 3 S
o S| E o| €
| o gl S

)

.86 1.90 ). .46 .62 5.26 .29 p.18 p.09 5.08 .89 }. .338.78 111 ). .74 .83 .73 }.61 |.

alittle's MCAR test: Chi-Square = 303.359, DF = 288, Sig. = .256
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APPENDIX C

UNIVARIATE AND MULTIVARIATE NORMALITY,
MULTIVARIATE OUTLIERS

Syntax:

DATASET ACTIVATE DataSet].
EXAMINE
VARIABLES=A1 A2 A3C1 C2C3V1V2V3D1D2D3111213 E1 E2 E3 Pmatnew
grade ach_math employ_use univ_use
/PLOT BOXPLOT NPPLOT
/COMPARE GROUP
/STATISTICS DESCRIPTIVES
/CINTERVAL 95
/MISSING LISTWISE
/NOTOTAL.

include 'C:\Documents and Settings\esma_e\Desktop\normtest.sps'.
normtest vars=A1,A2, A3, C1,C2,C3, expe, V1,V2,V3,D1,D2,D3, E1,E2,

E3,11,12,13,Pmatnew,ach_math,employ_use,univ_use,grade.

Selected Output:

Normal Q-Q Plot of mean 15, 28 Normal Q-Q Plot of mean 5, 32

Expected Normal
Expected Normal

Normal Q-Q Plot of mean 3,4 Normal Q-Q Plot of mean 18,19

Expected Normal
i 3 1

3
Observed Value
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Normal Q-Q Plot of mean 31, 35

Expected Normal

B
Observed Value
Normal Q-Q Plot of mean 7, 17, 21

Expected Normal

a
o o
°

Observed Value

Normal Q-Q Plot of mean 9, 13,25

Expected Normal

°
(]
]
0 ©
°

Observed Value

Normal Q-Q Plot of mean 8,22

R

Expected Normal

Expected Normal
7 i

Normal Q-Q Plot of | am interested in using statistics.

Expected Normal
<

-

Observed Value
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Normal Q-Q Plot of mean 11,26

2

Expected Normal
i

H
Observed Value

Normal Q-Q Plot of mean 10, 16,33

kil 5

Expected Normal

Observed Value

Normal Q-Q Plot of mean 6, 24, 30

Expected Normal
T

°

3 B 3 B

Obsarvad Value

Normal Q-Q Plot of mean 12, 23

Expected Normal

Normal Q-Q Plot of I am interested in learning statistics.

Expected Normal

Normal G-Q Plot of I tried to study hard for every statistics test.

Observed Value

Expected Normal

Observed Value




Normal Q-Q Plot of | worked hard in my statistics course

J
w
E o
5
H
2
g
3
gy
&

1 o

I : : :
Observed Value
Normal Q-Q Plot of mean 1,27

J

o
K}
E
S
s
3
3
°
]
g
£
F

N

e
o
7 7 j ! : 7
Observed Value
Normal Q-Q Plot of total grade earned after taking statistics course

J
K}
g
27
2
g
3
&
&

J

o
N

T T T T T T T
5 3 7

4
Observed Value

Normal Q-Q Plot of In the field in which you hope to be employed when you
finish school, how much will you use statistics

Expected Normal
1

Observed Value
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Expected Normal

Expected Normal

Normal Q-Q Plot of Pmatnew

Observed Value

Normal G-Q Plot of How good at mathematics are you?

H 5
Observed Value

Normal Q-Q Plot of As you complete the remainder of your degree program,
how 7

Expected Normal

much will you use statistics

Observed Value




Measures and tests of skewness:

gl sqrt(bl)  z(bl) p-value
Al -4547  -4512 -2.5792  .0099
A2 -4096 -4065 -2.3405 .0193
A3 -.5417 -5376 -3.0255 .0025
Cl1 -.8337 -.8274 -4.3802  .0000
C2 -.8751 -.8685 -4.5547  .0000
C3 -.6084 -.6038 -3.3545 .0008
expe -4964 -4926 -2.7955 .0052
Vi -5102  -5063 -2.8661  .0042
V2 -.6062 -.6016 -3.3439  .0008
V3 -.5785 -5741 -3.2084 .0013
D1 1770 1756 1.0394 2986
D2 2137 2121 1.2517  .2107
D3 0955 .0948 5637  .5729
El -.5892 -5848 -3.2612 .0011
E2 -.6013 -5968 -3.3202  .0009
E3 -1.0199 -1.0122 -5.1336 0000
I1 -.0951 -.0944 -5614  .5745
12 -2086 -.2070 -1.2220 .2217
I3 -.5770  -5726 -3.2009 .0014
Pmat -1.5806 -1.5687 -6.9862 .0000
ach_math -.5243  -5203 -2.9379 .0033
employ_u -.3828 -.3799 -2.1962 .0281
univ_use -.3464 -3438 -1.9980 .0457
grade -.6813 -.6761 -3.7004  .0002
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Measures and tests of kurtosis:
g2 b2-3  z(b2) p-value

Al -7066 -7190 -3.0680  .0022
A2 -.3834  -4039 -1.2554  .2093
A3 -5157 -5329 -1.8997  .0575
Cl1 7382 6898  1.8422  .0654
C2 9077  .8550 2.1271 .0334
C3 0712 .0394 3573 7209
expe -7329  -7446 -3.2582  .0011
V1 4967 4543 1.3823  .1669
V2 3395 3011 1.0410  .2979
V3 0850 .0529 .3963  .6919
Dl 2425 2065 8101 4179
D2 -5418 -5583 -2.0405 .0413
D3 -4790 -4970 -1.7096  .0873
El -2381 -2621 -.6559 5119
E2 -4514  -4701 -1.5728 1158
E3 5705 5263 1.5304 .1259
Il -9660 -9719 -5.4531  .0000
12 -9795 -9851 -5.6188 .0000
I3 -.6493 -6631 -2.6804 .0074

Pmatnew  2.7971 2.6973 4.1562  .0000
ach_math  .0063 -.0239 .1681 .8665
employ_u -3919 -4122 -1.2936  .1958
univ_use -.5882 -.6035 -2.3043 .0212
grade -.6552  -.6689 -2.7187  .0066

Omnibus tests of normality (both chisq, 2 df):

D'Agostino & Pearson K sq Jarque & Bera LM test
K sq p-value LM p-value

Al 16.0650 .0003 11.0401 .0040
A2 7.0537 .0294 6.8331 .0328

A3 12.7621  .0017 11.9394 .0026
Cl 22.5799  .0000 26.6522  .0000
C2 25.2696  .0000 31.0789  .0000
C3 11.3801  .0034 12.1047 .0024
expe 18.4307 .0001 12.6461 .0018
V1 10.1253  .0063 10.2141 .0061
V2 12.2657 .0022 12.7572  .0017
V3 104511  .0054 109555 .0042

Dl 1.7367 4196 1.3764  .5025
D2 57303 .0570 4.0769  .1302
D3 3.2405 1978 2.3465  .3094
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El 11.0659 .0040 119124  .0026
E2 13.4971 .0012 13.6451 .0011
E3 28.6959  .0000 36.2775  .0000
I 30.0512 .0000 8.1281 .0172

12 33.0638  .0000 9.4673  .0088

I3 17.4304  .0002 14.5202  .0007
Pmatnew  66.0807  .0000 141.9390 .0000
ach_math 8.6594 .0132 8.9849 .0112
employ_u 6.4969 .0388 6.1952  .0452
univ_use 9.3017  .0096 6.9409 .0311
grade  21.0847 .0000 18.8706 .0001

Multivariate Statistics
Mardia's test

b2p N(b2p) p-value
732.9327 21.7494  .0000

Plot of ordered squared distances

aaaaa
20,00

o o
10.00- &

Critical values (Bonferroni) for a single multivar. outlier:

a°
&
M

critical F(.05/n) =43,27 df =18, 182
critical F(.01/n) =47,06 df =18, 182

5 observations with largest Mahalanobis distances:
rank = 1 case# =199 Mahal Dsq= 108,19
rank =2 case# = 45 Mahal Dsq= 48,60
rank =3 case# =164 Mahal Dsq= 47,42
rank =4 case# = 19 Mahal Dsq= 44,36
rank =5 case# = 22 Mahal Dsq= 43,77
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APPENDIX D

ITEM PARCEL CORRELATIONS

1 2 3 4 5 6 7 8 9 10 11
Al 1
A2 .65% 1
A3 4% .64% 1 .
Cl1 .63*% .60* .59% 1
C2 S0 44%  49*%  55% 1
C3 S7F 0 .63%  48*%  70*%  42% 1
V1 1% 29%  34%  35%  25%  32% 1
V2 J35% 0 32%  36%  34%  32%  34%  S51%* 1
V3 1% 32%  35%  37*% 0 32% 37 67%  .67* 1
D1 39% 0 29%  20%  46% 24* 37* 05 .06 -01 1
D2 A48% 41%  42*%  45%  29% 33* 13* 11 .15% .54%* 1
D3 27% 17+ 26%  29%  27¢ 21 .01 .13* .02 .37* 31%
Il A5%  52%  49%  44%  27%  33*%  49*%  46* 54* 01 .15%
12 ATE AT 59%  47*%  27%  38*%  54%  53*% .65% -01 .16%
I3 A4%  53%  53*%  47*%  20% 38* 49*%  45% 56*% -03 .14%
El 21% 28 24%  21*%  19% 15*% 17*  .19% 21* -11 .04
E2 08 .20% 18* .12 A1 11 a7 22%  19% -17%  -05
E3 Jdex  21%  27*% 5% 16%  14* 19*  24* 23*  -11 -.09
grade  24* 36* .33*% 20%  35% 23% 14* 18* .09 .09 -0l
acmat 07 .09 .07 .13* 02 .16* .04 12 .05 .13* -04
uniuse . 19%  19%  21%  22%  21% 20% 27* 38% 43*% _15% -06
emuse .25%  27* 27*% 22%  20% 29* 37* 58* 58% -02 .02
expe 21%  20%  20%  .19%  19*% 23* 02 .08 .01 10 .06
pmat 04 00 .03 .07 -09 .07 .06 .04 .01 07 -03
13 14 15 16 17 18 19 20 21 22 23 24
D3
I 1
12 JTE 1
I3 5% 75% 1
El 39%  38%  44% 1
E2 J33% 0 38%  37* 72 1
E3 35%  39%  30% . 52%  45% 1
grade  26% .28* 22% 27% 23% 36* 1
acmat 07 04 06 .05 .05 .02 .18* 1
uniuse  43* 51% 42% 37*%  33% 30% 20% .07 1
emuse .49% 52% 45% 21*% 28% 24* 13 .23* .60* 1
expe 05 08 12 .03 .03 .05 .20 .06 .02 .10 1
pmat -02 .02 -05 -04 -09 -05 .08 .61* .04 .09 -00 1
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APPENDIX E

MEASUREMENT MODEL UNSTANDARDIZED RESULTS

Latent variables Indicator variables  Estimate S.E.
Math Achievement Pmat 1 .00
Achmat 2.60%* 1.18
Difficulty D1 1.00 .00
D2 1.01* A1
D3 J72% 12
Cognitive Competence C1 1.00 .00
C2 1 .08
C3 .89%* .08
Expe 49% .14
Effort El 1.00 .00
E2 97* .08
E3 .56% .07
Interest I1 1.00 .00
12 1.21* .06
I3 1.09* .06
Affect Al 1.00 .00
A2 87* .08
A3 97* .07
Value V1 1.00 .00
V2 1.17* 13
V3 1.54%* 13
Statistics Outcomes Emuse 1.00 .00
Uniuse .90* 13
Grade 36% 15

*p<.05, Note. Expe= Expectancy of Success, Pmat=Previous Math Achievement,
Achmat=Overall math achievement, Emuse= willingness to use statistics when employed,
Uniuse= willingness to use statistics in the remainder of the degree program
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APPENDIX F

STANDARDIZED RESIDUALS FOR COVARIANCES

Standardized Residuals (z-scores) for Covariances/Correlations/Residual Corr

EXPE GRADE PMAT EMPLUSE UNIVUSE

EXPE 999.000

GRADE 2.818  999.000

PMAT 0.180 0.386 -0.128

EMPLUSE 0.401 -8.696 0.664  999.000

UNIVUSE  -0.575 0.185 -0.774  999.000 -1.000
ACHMATH 0.496 2.024  999.000  999.000 -2.294

Al 1.107 2.496 -0.089 -0.604 -0.904
A2 2.588 4471 -0.951 0.326 -0.473
A3 0.789 3.869 -0.328 -0.055 -0.482
Cl -0.829 3.523 -0.208 -1.842 -0.370
C2 1.118 4.894 -2.523 0.243 0.930
C3 1.704 2.682 -0.368 1.472 -0.011
V1 -1.293 0.057 0.127 -3.668 -2.499
V2 -0.176 0.907 0.278 6.025 -0.158
V3 -1.798 -2.306 -0.691 999.000 -1.637
D1 -0.306 1.577 0.277 0.297 -2.445
D2 -0.881 -0.074 -1.289 1.034 -0.571
D3 -1.010 1.610 0.695 1.447 -0.761
El -0.409 3.632 -2.178 -4.477  999.000
E2 -0.254 2.685 -1.704 -0.356  999.000
E3 0.231 4.707 -1.062 0.363 8.089
IN1 -1.219 4.972 -0.598 -0.321 999.000
IN2 -0.820 4.167 0.123 -0.383  999.000
IN3 -0.031 2.810 -1.009 -1.439 -0.602
ACHMATH Al A2 A3 Cl
ACHMATH  999.000
Al -0.351 0.000
A2 0.690 -1.832 0.000
A3 0.011 999.000 -1.238 0.000
Cl 999.000 -0.366 0.095 -1.826 0.000
C2 -1.468 2.216 1.353 3.794 0.091
C3 4245  999.000 7.975 -2.624  999.000
V1 -0.119 0.316 0.798 1.162 0.758
V2 1.568 1.321 1.214 1.551 0.428
V3 -1.402 -1.432 -0.596 -0.223 -1.782
D1 4.452 -0.221 -2.085 -2.764 0.426
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D2
D3
El
E2
E3
IN1
IN2
IN3

C2
C3
V1
V2
V3
D1
D2
D3
El
E2
E3
IN1
IN2
IN3

D1
D2
D3
El
E2
E3
IN1
IN2
IN3

E3

IN1
IN2
IN3

-3.215  999.000 3.004 4.250 2.322
-1.359 0.249 -1.624 0.010 0.068
999.000 -0.839 2.380 0.330 0.567
999.000 -2.523 0.291 -0.273 -0.977
0.081 0.119 1.836 2.127 0.451
1.439 -1.181 2.058 -0.258 0.275
-0.601 -1.724 -0.720 3.510 0.646
0.544 -1.661 4.770 1.209 1.126
Cc2 C3 Vi V2 V3
0.000
-3.201 0.000
0.437 0.965 0.000
1.831 1.170  999.000 0.000
0.696 0.796  999.000 -0.300 0.000
-1.511 -0.590 -0.213 0.027 -2.863
0.176 -0.824 1.418 1.138 2.001
1.433 -1.177 -0.536 1.621 -0.638
0.758 -0.281 -0.042 0.013 -0.754
-0.073 -0.772 0.145 0.896 -0.498
1.051 0.491 1.019 2.119 1.182
-0.599 -1.201 0.880 -0.622 -2.219
-0.942 -0.424 1.997 1.137 2421
-0.269 0.231 0.877 -0.869 -1.033
D1 D2 D3 El E2
0.000
999.000 0.000
-0.229 -0.997 0.000
-0.323 2485 -0.842  999.000
-1.781 0.615 -1.270  999.000  999.000
-1.085 -0.591 -0.158  999.000 -1.547
-0.944 2.820 -1.135 -0.316 -1.006
-1.728 2.927 -0.545 -1.368 -0.232
-1.716 2.211 -2.269 1.645 -0.120
E3 IN1 IN2 IN3
0.000
1.894 0.000
2.747 0.207  999.000
2.603  999.000 -0.892 0.000
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STRUCTURAL MODEL UNSTANDARDIZED RESULTS

APPENDIX G

Structural part Estimate S.E.
Cognitive Competence on
Difficulty 92% 12
Math Achievement .35 23
Interest on
Difficulty -1.08%* 21
Cognitive Competence 48%* 23
Affect 5% 18
Affect on
Cognitive Competence 1.05% A1
Math Achievement -.16 .20
Effort on
Cognitive Competence -17 10
Interest .627% .08
Value on
Interest A3 .06
Affect -.02 .05
Statistics Outcomes on
Effort 19% .09
Cognitive Competence -17 22
Affect .09 A7
Value 1.19% 22
Math Achievement 9% 28

*p<.05
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APPENDIX H

STANDARDIZED TOTAL INDIRECT, DIRECT, TOTAL EFFECTS
MPLUS INPUT AND SELECTED OUTPUT

INPUT:

TITLE: structural model

DATA: File is

"C:\Documents and Settings\esma_e\Desktop\tez10eylul.dat";
VARIABLE: NAMES ARE

sec id course courid student grade gpa mathigh matuni Pstat hour major
level degree Pmat achmath empluse futuse conf diff univuse choice
stress know expe i1 121314 15161718 19110111112113
114115116117 118119120121 122 123 124 125 126 127 128 129 130 131 132
133134135 136 premat A1 A2 A3 C1 C2C3 V1 V2 V3 D1 D2 D3 Inl
In2 In3 E1 E2 E3 MAHI1 Pmatnew;

usevariables are expe grade Pmatnew empluse univuse achmath

A1 A2 A3C1C2C3V1V2V3DID2D3E1E2E3Inl In2 In3;
MISSING ARE ALL (999);

ANALYSIS: ESTIMATOR= MLR;

MODEL:

math BY Pmatnew achmath;

diffi BY D1 D2 D3;

cognit BY C1 C2 C3 expe;

effort BY E1 E2 E3;

interest BY Inl In2 In3;

affect BY A1 A2 A3;

value BY V1 V2 V3;

outcome BY empluse univuse grade;

cognit on diffi math;

interest on diffi cognit affect;

affect on cognit math;

effort on cognit interest;

value on interest affect;

outcome on effort cognit affect value math;

MODEL INDIRECT:

affect IND cognit diffi;

interest IND cognit diffi;

interest IND affect cognit diffi;
effort IND cognit interest diffi;

effort IND interest diffi;

effort IND cognit affect interest diffi;
effort IND cognit diffi;

value IND cognit affect interest diffi;
value IND cognit affect diffi;
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value IND cognit interest diffi;

value IND interest diffi;

outcome IND interest effort diffi;

outcome IND cognit effort diffi;

outcome IND interest value diffi;

outcome IND cognit diffi;

outcome IND cognit interest effort diffi;
outcome IND cognit interest value diffi;
outcome IND cognit affect interest value diffi;
outcome IND cognit affect interest effort diffi;
outcome IND cognit affect diffi;

outcome IND cognit affect value diffi;

affect IND cognit math;

interest IND cognit math;

interest IND affect math;

interest IND cognit affect math;

effort IND cognit math;

effort IND affect interest math;

effort IND cognit interest math;

effort IND cognit affect interest math;

value IND affect math;

value IND affect interest math;

value IND cognit interest math;

value IND cognit affect interest math;

value IND cognit affect math;

outcome IND cognit effort math;

outcome IND cognit interest effort math;
outcome IND cognit interest value math;
outcome IND affect interest value math;
outcome IND affect interest effort math;
outcome IND affect math;

outcome IND cognit math;

outcome IND affect value math;

outcome IND cognit affect math;

outcome IND cognit affect interest value math;
outcome IND cognit affect interest effort math;
outcome IND cognit affect value math;
outcome IND cognit affect interest effort math;
interest IND affect cognit;

effort IND interest cognit;

effort IND affect interest cognit;

value IND interest cognit;

value IND affect interest cognit;

value IND affect cognit;

outcome IND effort cognit;

outcome IND interest effort cognit;

outcome IND interest value cognit;

outcome IND affect interest value cognit;
outcome IND affect interest effort cognit;
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outcome IND affect value cognit;
outcome IND affect cognit;
effort IND interest affect;
value IND interest affect;
outcome IND value affect;
outcome IND interest effort affect;
outcome IND interest value affect;
outcome IND effort interest;
outcome IND value interest;
effort IND cognit;
interest IND diffi;
interest IND cognit;
affect IND math;
value IND affect;
outcome IND math;
outcome IND affect;
outcome IND cognit;
Output: stdyx modindices residual fsdeterminacys;

SELECTED OUTPUT:

Effects from MATH to AFFECT

Two-Tailed
Estimate S.E  Est./S.E. P-Value
Total 0.054 0.062 0.879 0.379

Total indirect  0.097  0.060  1.601  0.109
Specific indirect

AFFECT

COGNIT

MATH 0.097 _0.060 1.601 0.109
Direct

AFFECT

MATH -0.043  0.053 -0.801 0.423

Effects from DIFFI to INTEREST

Total 0.046 0.075 0.622 0.534
Total indirect 0.690 0.105 6.545 0.000
Specific indirect

INTEREST

COGNIT

DIFFI 0.261 0.132  1.975 0.048
INTEREST

AFFECT

COGNIT

DIFFI 0.429 0.109 3.938 0.000
Direct

INTEREST

DIFFI -0.643 0.101 -6.377  0.000
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Effects from COGNIT to INTEREST

Total 1.021  0.098 10.447 0.000
Total indirect 0.635 0.149 4266 0.000
Specific indirect

INTEREST

AFFECT

COGNIT 0.635 0.149 4.266 _ 0.000
Direct

INTEREST

COGNIT 0.387 0.187 2.065 0.039

Effects from COGNIT to EFFORT

Total 0499 0.094 5.286  0.000
Total indirect 0.635 0.106 5995 0.000
Specific indirect

EFFORT

INTEREST

COGNIT 0240 0.123 1950 0.051
EFFORT

INTEREST

AFFECT

COGNIT 0.395 0.103 3.847 0.000
Direct

EFFORT

COGNIT -0.136  0.079 -1.709  0.087

Effects from AFFECT to VALUE

Total 0549 0.131 4.179  0.000
Total indirect  0.575  0.117 4.904  0.000
Specific indirect

VALUE

INTEREST

AFFECT 0.575 0.117 4904 0.000
Direct

VALUE

AFFECT -0.026  0.083 -0.314 0.754
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Effects from MATH to OUTCOME

Total 0.252 0.080 3.169 0.002
Total indirect 0.040 0.041 0969 0.333
Specific indirect

OUTCOME

COGNIT

MATH -0.016  0.022 -0.693  0.488
OUTCOME

AFFECT

MATH -0.004  0.009 -0.450 0.653
OUTCOME

EFFORT

COGNIT

MATH -0.003 _ 0.003 -0.940  0.347
OUTCOME

AFFECT

COGNIT

MATH 0.009 0.018 0.506 _ 0.613
OUTCOME

VALUE

AFFECT

MATH 0.001 0.002 0.304 0.761
OUTCOME

EFFORT

INTEREST

COGNIT

MATH 0.005 0.005 1.058 0.290

OUTCOME
EFFORT
INTEREST
AFFECT
MATH -0.004 _ 0.006 _-0.678  0.498
OUTCOME
VALUE
INTEREST
COGNIT
MATH 0.023 0.017 1345 0.179
OUTCOME
VALUE
INTEREST
AFFECT
MATH -0.017  0.022 -0.768  0.443
OUTCOME
VALUE
AFFECT
COGNIT
MATH -0.002  0.005 -0.314 0.754
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OUTCOME

EFFORT

INTEREST

AFFECT

COGNIT

MATH 0.009 0.008 1.129 0.259
OUTCOME

VALUE

INTEREST

AFFECT

COGNIT

MATH 0.038 0.026 1.446 0.148
Direct

OUTCOME

MATH 0.213 0.074 2.892 0.004

Effects from AFFECT to OUTCOME

Total 0.557 0.215 2.588 0.010
Total indirect 0463  0.117 3961  0.000
Specific indirect

OUTCOME

VALUE

AFFECT -0.018  0.056 -0.315  0.753
OUTCOME

EFFORT

INTEREST

AFFECT 0.091 0.050 1.826  0.068
OUTCOME

VALUE

INTEREST

AFFECT 0.390 0.089 4.357 0.000
Direct

OUTCOME

AFFECT 0.094 0.172 0.544 0.586

Effects from COGNIT to OUTCOME

Total 0.563 0.113 4992 0.000
Total indirect  0.701  0.152 4.604  0.000
Specific indirect

OUTCOME

EFFORT

COGNIT -0.027 _ 0.021 -1.271 _ 0.204
OUTCOME

AFFECT

COGNIT 0.080 0.148 0.541  0.589
OUTCOME

EFFORT

INTEREST

COGNIT 0.047 0.036 _ 1.309  0.191
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OUTCOME
VALUE
INTEREST
COGNIT 0203 0.111 1.835 0.067
OUTCOME
VALUE
AFFECT
COGNIT -0.015  0.048 -0.316  0.752

OUTCOME

EFFORT

INTEREST

AFFECT

COGNIT 0078 0.044 1.784 0.074
OUTCOME

VALUE

INTEREST

AFFECT

COGNIT 0.334 0.083 4.048 0.000
Direct

OUTCOME

COGNIT -0.138 0.176 -0.786  0.432

Effects from DIFFI to AFFECT

Sum of indirect 0.579  0.052 11.108  0.000
Specific indirect

AFFECT

COGNIT

DIFFI 0.579 0.052 11.108 0.000

Effects from MATH to AFFECT

Sum of indirect  0.097  0.060 1.601  0.109

Specific indirect

AFFECT

COGNIT

MATH 0.097 0.060 1.601 0.109

Effects from DIFFI to INTEREST

Sum of indirect  0.690 _ 0.105  6.545  0.000
Specific indirect

INTEREST

COGNIT

DIFFI 0261 0.132 1975 0.048
INTEREST

AFFECT

COGNIT

DIFFI 0429 0.109 3.938 0.000
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Effects from MATH to INTEREST

Sum of indirect 0.012  0.048 0.251 0.802
Specific indirect

INTEREST

COGNIT

MATH 0.044 0.031 1409 0.159
INTEREST

AFFECT

MATH -0.032  0.041 -0.763  0.445
INTEREST

COGNIT

AFFECT

MATH 0.000  0.000 0.000 1.000

Effects from COGNIT to INTEREST

Sum of indirect 0.635 0.149 4.266  0.000
Specific indirect

INTEREST

AFFECT

COGNIT 0.635 0.149 4.266 0.000

Effects from DIFFI to EFFORT

Sum of indirect -0.492  0.115 -4.276  0.000
Specific indirect

EFFORT

COGNIT

INTEREST

DIFFI 0.000 _ 0.000 0.000 1.000
EFFORT

INTEREST

DIFFI -0.400  0.081 -4.919 0.000
EFFORT

COGNIT

AFFECT

INTEREST

DIFFI 0.000 __0.000 __0.000 _1.000
EFFORT

COGNIT

DIFFI -0.092  0.055 -1.678 0.093

Effects from MATH to EFFORT

Sum of indirect -0.015 0.014 -1.100  0.271
Specific indirect

EFFORT

COGNIT

MATH -0.015  0.014 -1.100 _ 0.271

159



EFFORT
AFFECT
INTEREST
MATH 0.000 __0.000 __0.000 __1.000
EFFORT
COGNIT
INTEREST
MATH 0.000 _ 0.000 0.000 1.000

EFFORT

COGNIT

AFFECT

INTEREST

MATH 0.000 0.000 0.000 1.000

Effects from COGNIT to EFFORT

Sum of indirect 0240 0.123  1.950 _ 0.051
Specific indirect

EFFORT

INTEREST

COGNIT 0240 0.123  1.950 _ 0.051
EFFORT

AFFECT

INTEREST

COGNIT 0.000  0.000 0.000 1.000

Effects from AFFECT to EFFORT

Sum of indirect 0.460  0.107 4.308  0.000
Specific indirect

EFFORT

INTEREST

AFFECT 0460 0.107 4308 0.000

Effects from DIFFI to VALUE

Sum of indirect -0.500 0.090 -5.572  0.000
Specific indirect

VALUE

COGNIT

AFFECT

INTEREST

DIFFI 0.000  0.000 0.000 1.000
VALUE

COGNIT

AFFECT

DIFFI 0.000  0.000 0.000 1.000
VALUE

COGNIT

INTEREST

DIFFI 0.000 __0.000 __0.000 __1.000
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VALUE
INTEREST
DIFFI

-0.500  0.090 -5.572  0.000

Effects from MATH to VALUE

Sum of indirect

0.001 0.004 0304 0.761

Specific indirect

VALUE
AFFECT
MATH

0.001 _0.004 0304 0.761

VALUE
AFFECT
INTEREST
MATH

0.000  0.000 0.000 1.000

VALUE
COGNIT
INTEREST
MATH

0.000  0.000 0.000 1.000

VALUE
COGNIT
AFFECT
INTEREST
MATH

0.000 ___0.000 __0.000 _1.000

VALUE
COGNIT
AFFECT
MATH

0.000 0.000 0.000 1.000

Effects from COGNIT to VALUE

Sum of indirect

0278 0.150 1.854 0.064

Specific indirect

VALUE
INTEREST
COGNIT

0.300 0.155 1941 0.052

VALUE
AFFECT
INTEREST
COGNIT

0.000  0.000 0.000 1.000

VALUE
AFFECT
COGNIT

-0.022  0.071 -0.315 0.753

Effects from AFFECT to VALUE

Sum of indirect 0.575 0.117 4904  0.000
Specific indirect

VALUE

INTEREST

AFFECT 0.575 0.117 4904  0.000
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Effects from DIFFI to OUTCOME

Sum of indirect -0.093 0.119 -0.783 0.434
Specific indirect

OUTCOME

INTEREST

EFFORT

DIFFI 0.000  0.000 0.000 1.000
OUTCOME

COGNIT

EFFORT

DIFFI 0.000 __0.000 __0.000 _1.000
OUTCOME

INTEREST

VALUE

DIFFI 0.000 __0.000 __0.000 _1.000
OUTCOME

COGNIT

DIFFI -0.093  0.119 -0.783  0.434
OUTCOME

COGNIT

INTEREST

EFFORT

DIFFI 0.000 _0.000 0.000 1.000
OUTCOME

COGNIT

INTEREST

VALUE

DIFFI 0.000 __0.000 __0.000 _1.000
OUTCOME

COGNIT

AFFECT

INTEREST

VALUE

DIFFI 0.000 0.000 0.000 1.000
OUTCOME

COGNIT

AFFECT

INTEREST

EFFORT

DIFFI 0.000 0.000 0.000  1.000
OUTCOME

COGNIT

AFFECT

DIFFI 0.000 0.000 0.000 1.000
OUTCOME

COGNIT

AFFECT

VALUE

DIFFI 0.000 0.000 0.000 1.000
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Effects from MATH to OUTCOME

Sum of indirect -0.020  0.030 -0.660  0.509
Specific indirect

OUTCOME

COGNIT

EFFORT

MATH 0.000  0.000 0.000 1.000

OUTCOME

COGNIT

INTEREST

EFFORT

MATH 0.000 _0.000 __0.000 _1.000
OUTCOME

COGNIT

INTEREST

VALUE

MATH 0.000  0.000 0.000 1.000
OUTCOME

AFFECT

INTEREST

VALUE

MATH 0.000 _0.000 __0.000 _1.000
OUTCOME

AFFECT

INTEREST

EFFORT

MATH 0.000  0.000 0.000 1.000
OUTCOME

AFFECT

MATH -0.004  0.009 -0.450  0.653
OUTCOME

COGNIT

MATH -0.016  0.022 -0.693  0.488
OUTCOME

AFFECT

VALUE

MATH 0.000 _ 0.000 0.000 1.000
OUTCOME

COGNIT

AFFECT

MATH 0.000 __0.000 __0.000 __1.000
OUTCOME

COGNIT

AFFECT

INTEREST

VALUE

MATH 0.000 _ 0.000 0.000 1.000
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OUTCOME

COGNIT

AFFECT

INTEREST

EFFORT

MATH 0.000 __0.000 _ 0.000

1.000

OUTCOME

COGNIT

AFFECT

VALUE

MATH 0.000 ___0.000 __0.000

1.000

OUTCOME

COGNIT

AFFECT

INTEREST

EFFORT

MATH 0.000 0.000  0.000

1.000

Effects from COGNIT to OUTCOME

Sum of indirect 0.053  0.154  0.346

0.729

Specific indirect
OUTCOME
EFFORT

COGNIT -0.027  0.021 -1.271

0.204

OUTCOME

INTEREST

EFFORT

COGNIT 0.000 _ 0.000 _ 0.000

1.000

OUTCOME

INTEREST

VALUE

COGNIT 0.000 _ 0.000 _ 0.000

1.000

OUTCOME

AFFECT

INTEREST

VALUE

COGNIT 0.000 ___0.000 __0.000

1.000

OUTCOME

AFFECT

INTEREST

EFFORT

COGNIT 0.000 _ 0.000 _ 0.000

1.000

OUTCOME

AFFECT

VALUE

COGNIT 0.000 ___0.000 _0.000

1.000
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OUTCOME
AFFECT
COGNIT 0.080 0.148 0.541 0.589

Effects from AFFECT to OUTCOME

Sum of indirect -0.018  0.056 -0.315  0.753

Specific indirect

OUTCOME

VALUE

AFFECT -0.018  0.056 -0.315  0.753
OUTCOME

INTEREST

EFFORT

AFFECT 0.000 _ 0.000 _ 0.000 _ 1.000
OUTCOME

INTEREST

VALUE

AFFECT 0.000  0.000 0.000 1.000

Effects from INTEREST to OUTCOME

Sum of indirect  0.649  0.091 7.140  0.000

Specific indirect

OUTCOME

EFFORT

INTEREST 0.123 0.065 1.894 0.058
OUTCOME

VALUE

INTEREST 0.526  0.083 6.336  0.000
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APPENDIX J
TURKISH SUMMARY

TURKCE OZET

MATEMATIK BASARISI, ISTATISTIGE YONELIK TUTUMLAR VE
ISTATISTIK KAZANIMLARI ARASINDAKI ILISKILERI INCELEYEN
YAPISAL ESITLIK MODELI

GIRIS

Istatistik, giinliik yasanttmizda siklikla karsimiza cikan “veriler yoluyla
Oogrenme bilimi” olarak tanimlanmaktadir (Moore, 2005, p.206). Internet,
gazete, televizyon, reklam afisleri gibi yollarla her giin ¢ok sayida istatistiksel
bilgi sunulmaktadir. Bu nedenle istatistigi anlamak giiniimiiz insanlar1 i¢in
vazgecilmez bir gereklilik haline gelmistir. Hand’1n (1998) de belirttigi iizere
istatistik gercek yasam problemlerini ¢c6zmekle ilgilenir. Ote yandan istatistik,
uzun yillar boyunca matematigin bir pargasi olarak goriilmiis (Greer, 2000) ve
buna baglh olarak ‘istatistigi anlamak smnirli bir azinligin becerisi olarak

kalmistir” (Lajoie, Jacobs, & Lavigne, 1995, p.401).

[statistik egitiminin tarihine bakildiginda, dgrencilerin istatistik dersleriyle' 20.
yiizyitlhn basindan beri tanigsmis oldugu bilinmektedir (Verhoeven, 2009).
Istatistik derslerinin temelleri, 1925 yilinda R.A. Fisher tarafindan yazilan
“Arastirmacilar icin Istatistik Yontemleri” kitabina dayanmaktadir. Istatistik
derslerinin ilk uygulamalarinda, 6gretim geleneksel bir yaklagimla ele alinmais,
derslerde olasilik teorisi ve belirli istatistiksel ve matematiksel islemler

iizerinde yogunlasilmistir. Ogrencilerden istatistiksel bilgileri ezberlemeleri ve

! Bu calismada, istatistik dersleri ile lisans ve lisansiistii egitim alan, istatistik alani
disindaki 6grencilere verilen servis derslerini ifade etmektedir.
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belirli standartlar i¢inde kurallar takip etmeleri beklenmistir (Vanhoof, 2010).
90’11 yillara gelindiginde ise istatistik 6gretimine bilgisayarlarin girmesiyle bir
devrim yasanmistir (Hand, 1998). Istatistik paket programlari derslerdeki
matematik Onceliginin azalmasim ve istatistiksel uygulamalara yer verilmesini
saglamistir. Gliniimiizde, teknolojinin istatistik derslerine daha fazla dahil
olmasiyla veri analizi ve simiilasyonlar derslerde artarak kullanilmaktadir.
Buna bagh olarak istatistik egitiminin amact matematiksel islemler yerine
istatistik kavramlarin1 6grenmeye dogru yonelmistir (American Statistical
Association, 2010). Bugiin istatistik dersleri Sosyal ve Fen alanlarinda egitim
alan genis bir 6grenci kitlesi i¢in zorunlu bir derstir. Oysaki, bu Olciide yaygin
bir ders olmasina ragmen, istatistik egitimi {izerine yapilan arastirma sayisi
oldukga ksithdir. Istatistik egitimi iizerine bilimsel makalelerin yayinlandig ilk
bilimsel dergi (Statistics Education Research Journal, SERJ) ancak 2002
yilinda yayin hayatina baslamistir (Garfield & Ben-Zvi, 2007; Ottaviani, 2005).
Bu tarihten itibaren istatistik egitimi arastirmalarinda hizli bir artis olmustur

(Shaughnessy, 2007).

Istatistik egitimi iizerine yapilan arastirmalarin bilyiik bir kisminda istatistik
Ogretiminin biligsel boyutlari iizerinde durulmus, duyussal alan ise daha az ilgi
gormiistiir (Gal & Ginsburg, 1994; Shaughnessy, 2007). Bilissel alan iizerine
odaklanan calismalar o©zellikle Ogrencilerin istatistik basarisi, istatistiksel
diisiinmeleri, muhakemeleri (statistical reasoning), ve istatistik okur-yazarlig
kazanimlan iizerine olmustur (Gal, 2002; Garfield & Gal, 1999; Groth, 2006;
Lavigne & Lajoie, 2007; Mooney, 2002; Rumsey, 2002; Tempelaar, Gijselaers,
& Schim van der Loeff, 2006). Bu calismalardan bazilarinda matematik
basarisinin istatistik basarisina katki sagladigimmi belirtmistir (Galli, Matteo,
Chiesi, & Primi, 2008; Johnson & Kuennen, 2006; Lalonde & Gardner, 1993;
Nasser, 2004; Wisenbaker, Scott, & Nasser, 2000).
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Ogrencilerin istatistik derslerindeki bilissel kazanimlar1 iizerine odaklanan
caligmalarin yami sira, kisith sayidaki bazi caligmalarda da o6grencilerin
istatistige yonelik tutumlar1 {izerinde durulmustur. Bu calismalarin ¢ogunda
tarama deseni kullamilmis ve istatistige yonelik olumlu tutumlarin istatistik
dersindeki basariyr artirdig rapor edilmistir (Chiesi & Primi, 2008; Dempster
& McCorry, 2009; Evans, 2007; Limpscomb, Hotard, Shelley, & Baldwin,
2002; Sizemore & Lewandowski, 2009; Sorge & Schau, 2002; Tempelaar et
al., 2007). Arastirmacilar ayrica, istatistige yonelik olumlu tutum gelistirmenin
ogrencilerin istatistik dersi alma secimleri gibi ileriye yonelik davranislarina da
etkisi oldugunu savunmaktadir (Garfield, Hogg, Schau, & Whittinghill, 2002;
Schau, 2003).

Calismanin Amaci

Bu calismanin amaci matematik basarisi, istatistige yonelik tutumlar, ve
istatistik kazanimlar1 arasindaki yapisal iliskilerin Yapisal Esitlik Modellemesi
ile test edilerek incelenmesidir. Caligmada hipotez edilen Istatistik Tutum-
Kazanim Modeli (Statistics Attitudes-Outcomes Model), Eccles ve
arkadaslarinin gelistirdikleri beklenti-deger modeli (Eccles, 1983; Eccles &
Wigfield, 1995) ve Istatistik Tutum-Basar1 Yapisal Modeline (Sorge & Schau,
2002) dayanmaktadir. Calismada, hipotez edilen modelin genel yapisinin test
edilmesinin yani1 sira degiskenler arasindaki dogrudan ve dolayl iliskiler de

test edilmistir. Calismanin kavramsal modeli Sekil 1’de gosterilmistir.
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Bilissel
yeterlik

Istatistik
kazanimlari

Matematik
basarisi

Sekil 1 Calismanin Kavramsal Modeli

Calhismanm Onemi

Istatistik derslerini alan 6grencilerden, istatistiksel becerilere sahip olmalari ve
istatistigi kullanmaya yonelik olarak giidiilenmeleri beklenmektedir. Fakat bu
beklentilerin cogu zaman karsilanamadigi ve istatistigin Ogrenciler arasinda
olumsuz bir iine sahip oldugu bilinmektedir (Onwuegbuzie & Wilson, 2003;
Snee, 1993). Bu nedenle, istatistik derslerinin dgrenciler icin ilgi ¢ekici hale
getirilmesi ve 6grencilerin istatistii 6grenmeye giidiilenecek sekilde derslerin
yeniden diizenlenmesi onerilmektedir (Carnell, 2008; Dempster & McCorry,
2009; Murtonen & Lehtinen, 2003; Wiberg, 2009). Buna bagh olarak,
ogrencilerin istatistige yoOnelik tutumlarim1i anlamak ve bu sekilde onlarin
olumlu tutumlar gelistirmelerine yardimci olmak biiyilk 6nem tagimaktadir.
Ogrencilerin istatistige yonelik tutumlarin1 anlamaya yonelik bazi calismalar
yapilmis olmakla birlikte bu caligmalarin pek coguyla ilgili bazi sinirhiliklar
mevcuttur. Oncelikle, bu calismalarin ¢ogu egitim kuramlarina dayanmak
yerine arastirmacilarin tecriibelerine dayanmaktadir (6rnegin, Bartsch, 2006;
Evans, 2007; Rhoads & Hubele, 2000; Wiberg, 2009). Ayrica, bu calismalarda
kullanilan olcekler arasinda tutarsizliklar goriilmekte ve kullanilan olgeklerin

pek cogu siklikla elestirilmektedir (Rhoads & Hubele, 2000; Schau, Stevens,
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Dauphinee, & Del Vecchio, 1995; Waters, Martelli, Zakrajsek, & Popovich,
1988). Bu c¢alismalarla ilgili bir sinirlilik da calismalarin biiyiik bir kisminin
istatistige yonelik tutum ve istatistik basaris1 arasindaki iliskilerin bir

boliimiinii incelemesidir (6rnegin, Dempster & McCorry, 2009; Lawless &

Kulikowich, 2006).

Bu calismanin sonuclari, mevcut alanyazina ve istatistik egitimi
uygulamalarina katki saglamak adina bir¢ok acidan deger tasimaktadir.
Oncelikle, calismada hipotez edilen ve test edilen Istatistik Tutum-Kazanim
Modeli, Eccles’ ve arkadaslarinin gelistirdigi beklenti-deger modeli (Eccles,
1983, 2005; Eccles & Wigfield, 2002) basta olmak iizere saglam kuramsal
temellere dayanmaktadir. Bunun yani sira, calismada giincel, gecerlik-
giivenirlik caligmalar1 genis Ol¢iide rapor edilmis ve kuramsal temellere
dayanan Istatistige yonelik Tutum Olcegi© uygulanmistir. Ayrica, ¢alismanin
bagimli (outcome) degiskeni olan istatistik kazanimlari, 6grencilerin istatistik
basarilarinin yan sira ilerde istatistigi kullanma isteklerini de icermektedir. Bu
ozelligi ile bu calisma alan yazina 6zgiin bir katki saglamaktadir. Bilindigi
kadariyla alan yazinda bdyle bir ¢alisma mevcut degildir. Oysaki 6grencilerin
istatistige yonelik tutumlarinin 6grencilerin istatistik derslerini aldiktan sonraki

davraniglarini etkiledigi ongoriilmektedir (Gal, Ginsburg, & Schau, 1997).

Calismada kullanilan Istatistige yonelik Tutum Olcegi© Tiirkceye uyarlanarak
tilkemiz alan yazinina kazandirilmistir. Tiirkiye’de yapilan ¢alismalarin azligi
gz Oniinde bulunduruldugunda bu c¢alismanin iilkemiz alan yazinina katki
saglayacagl diisliniilmektedir. Diger bir yandan Tiirkiye ile diger iilkeleri
karsilastirmak acisindan, kiiltiirler aras1 karsilastirma calismalar i¢in de bu

calismanin faydali olacag diisiiniilmektedir.

Son olarak, istatistik nicel arastirmalar i¢in vazgecilmez bir aragtir; dolayisiyla

bu calisma bilime yapacagi genel katki agisindan Onemlidir. Bu caligmada
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istatistik egitimine odaklanilmis ve mevcut durumuna dikkat cekilmistir. Bu
nedenle, bu c¢alismanin istatistik egitiminin kalitesinin artmasina katki
saglayamasi ve dolayli olarak Ogrencilerin gerceklestirecekleri nicel

caligmalarinin kalitesinin artirtlmasina yardimci olmasi beklenmektedir.

YONTEM

Bu boliimde aragtirma deseni, arastirmada kullanilan degiskenler, katilimci
ozellikleri, veri toplama araclari ve siireci, verilerin analizi boliimlerine yer

verilmistir.

Arastirmanin Deseni

Matematik basarisi, istatistige yonelik tutumlar ve istatistik kazanimlari
degiskenleri arasindaki yapisal iliskileri inceyen bu ¢alismada tarama deseni
kullanilmistir. Tarama deseni, katilimcilarin tutum ve diisiincelerini anketler
yoluyla elde ederek, nicel ve sayisal betimlemeler araciligiyla sunulmasini
saglamaktadir (Creswell & Miller, 2000). Bu calismada da tarama deseni
kullanilarak Istatistise yonelik Tutum Anketi© yoluyla calisma verileri

toplanmustir.

Degiskenler

Calismanin degiskenleri matematik basaris1 (gecmis ve genel matematik
basarisina iliskin kisisel goriisler), istatistige yonelik tutumlar (duygu, bilsissel
yeterlilik, zorluk, deger, ilgi, caba) ve istatistik kazanimlardir (istatistik
dersinden alinan not, program boyunca istatistigi kullanma istegi, ise sahip

olundugunda istatistigi kullanma istegi).
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Calisamada test edilen Istatistik Tutum-Kazanim Modelinde matematik
basaris1 ve zorluk degiskeni digsal degiskenler (exogenous variables), zorluk
disindaki istatistige yonelik tutum degiskenleri (duygu, biligssel yeterlik, deger,
ilgi, caba) icsel degiskenler (endogenous variables) ve istatistik kazanimlar
degiskeni ise bagimli degiskendir (outcome variable). Digsal degisken olan
zorluk ve matematik basarisi1 degiskenlerinin modelde belirtilen hi¢cbir degisken
tarafindan  agiklanmadigi  varsayildigr icin  digssal degisken olarak
adlandirilmaktadir. Igsel degiskenlerin (duygu, bilissel yeterlik, deger, ilgi,
caba) ise modelde belirtilen bazi degiskenler tarafindan agiklandig1 varsayildigi
icin, bu degiskenler icsel degisken olarak adlandirilmaktadir. Istatik
kazanimlar1 degiskeni modelde belirtilen baz1 degiskenler tarafindan aciklanip,
hicbir degiskeni agiklamadigi i¢in modelin bagimli degiskeni (outcome

variable) olarak adlandirilmagtir.

Calisma Grubu

Calisma grubu, Tiirkiye’de bir liniversitede lisans ve yiikseklisans egitimi
goren ve istatistik dersi alan toplam 247 Ogrencidir. Katilimcilarin alanlar
miithendislik (%26.3), egitim (%23.1), iktisat (%13.8), psikoloji (%12.6),
sosyoloji (%8.5), uygulamali matematik (%4.9), ve isletmedir (%3.2). Kayith
olduklar1 diploma derecelerine bakildiginda, katilimcilarin %63.2°si lisans,
%23.1’1 yiikseklisans ve %9.3’ii doktora Ogrencisidir. Ayrica lisans
ogrencilerinin %36’s1 ikinci sinif, %21.1°1 tigiincii simif ve %6.1°1 dordiincii

sinif 6grencisidir.

Veri Toplama Araci

Veri toplamak amaciyla Istatistie Yonelik Tutum Anketi (SATS-36©; Schau,
et al., 1995; Schau, 2003) veri toplama aract olarak kullanilmugtir. Ogrencilerin

istatistige yonelik tutumlar1 Istatistige Yonelik Tutum Anketi’nin alt1 alt
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boyutu ile Olciilmiistiir: duygu, bilissel yeterlik, zorluk, deger, ilgi ve caba.
Ogrencilerin matematik basarilar1 ise IstatistiSe Yonelik Tutum Anketi’nde
bulunan iki ek soru ile Olciilmistir: “Geg¢miste aldifiniz matematik
derslerinizde ne Olgiide basariliydimz?” ve “Matematikte ne kadar
basarilisimz?”. Ogrencilerden bu iki soruyu 7°1i Likert tipi 6lcek iizerinde
yanitlamalari istenmistir (1 = Cok basarisizdim / Cok basarisizim ve 7 = Cok
basariliydim / Cok basariliyim). Ogrencilerin istatistik kazanimlari, istatistik
dersinden alinan not ile Istatistise Yonelik Tutum Anketi’nde bulunan iki ek
soru ile Olg¢iilmiistiir: “Okulunuzu bitirene kadar istatistigi ne Olgiide
kullanacaksiniz?” ve ‘“Mezun olup is hayatiniza basladiginizda istatistigi ne
kadar kullanacaksiniz?” (1=Hi¢ kullanmayacagim, 7=Biiyiikk 0lciide

kullanacagim).

Istatistige Yonelik Tutum Anketi italya, Hollanda, Israil, Giiney Afrika gibi
pek cok iilkede uygulanmis ve farkli dillere cevrilmistir. Anketin farkli
kiiltiirlere uyarlandigt pek cok calismada Olgegin psikometri 6zellikleri
arastirilmistir (Chiesi & Primi, 2008; Coetzee & van der Merwe, 2010; Hilton
ve ark., 2004; Tempelaar ve ark., 2007; Verhoeven, 2009). Bu calismalardan
bazilarinda 6lgegin alt1 boyutlu yapis1 dogrulayici faktor analizi ile test edilmis
ve Olcek yapisinin toplanan verilerden elde edilen sonuglara uyum gosterdigi
bulunmustur (Tempelaar ve ark., 2007; Verhoeven, 2009). Olgegin ic
tutarliligina bakildiginda ise Cronbach alfa katsayilarinin yiiksek oldugu rapor
edilmistir. Bu katsayilar olcek altboyutlarindan duygu icin .80 ile 82, biligsel
yeterlik icin .77 ile .82, deger icin .78 ile .82, zorluk i¢in .68 ile .75, ilgi i¢in
.80 ile .84, ve caba icin .76 ile .80 arasinda degismektedir (Tempelaar ve ark.,
2007; Verhoeven, 2009).

Ingilizce olan Istatistige Yonelik Tutum Anketi© katilimcilara uygulanmadan
once Tiirk¢eye uyarlanmistir. Anket uyarlama ¢alismasinda geri-ceviri yontemi

kullamlmistir. 1k olarak o6lcek, bes uzmandan goriis almarak Tiirkgeye
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cevrilmistir. Bu kisiler iki Ingilizce Ogretmeni, bir 6lgme degerlendirme
uzmanm yardimcist dogent doktor, bir rehberlik ve psikolojik danisma uzmani
doktor ve bir Ogretim programlari ve Ogretimi doktora Ogrencisidir. Daha
sonra, Tiirkgeye cevrilmis olan olgek ii¢ uzman tarafindan Ingilizceye geri
cevrilmistir. Bu kisilerden ikisi program gelistirme ve Ogretim anabilim dali
doktor adaylar ile bir Ingilizce 6gretmenidir. Daha sonra, Istatistize Yo6nelik
Tutum Anketi’nin orijinal Ingilizce formu ile ingilizceye geri cevirilen formu
karsilastirilmigtir. ki form arasinda yaklasik %90 benzerlik goriilerek

Tiirkgeye uyaralanan 6lcegin orijinal dl¢cekle tutarli olduguna karar verilmistir.

Tiirkceye cevrilen Olcegin gecerlik ve giivenirlik caligmalarin1 yapmak ig¢in
pilot calisma gerceklestirilmistir. Pilot ¢calismada 347 (% 59.4 bayan ve % 36
erkek) Ogrenciden veri toplanmistir. Pilot calismanin katilimcilar istatistik
derslerini alan lisans (n= 231, % 66.57) ve lisansiistii egitim goren (n=108, %
31.1) ogrencilerdir. Bu ogrenciler, egitim (n=69), psikoloji (n=44), iktisat
(n=108), isletme (n=31), miithendislik (n=70), ve uygulamali matematik (n=23)
alanlarinda egitim gormektedir. Pilot calismaya katilan iki 6grenci ise egitim

gordiigii alan1 belirtmemistir.

Tiirkceye cevrilen Istatistige Yonelik Tutum Anketi’nin alt1 boyutlu (duygu,
biligsel yeterlik, zorluk, deger, caba, ilgi) yapisim1 test etmek amaciyla
dogrulayict faktor analizi uygulanmistir. Analiz, Mplus programi (Muthen &
Muthen, 2007) kullanilarak gerceklestirilmistir. Analiz sonucunda Ongiiriilen
Olcek alt boyutlarinin katilimcilardan elde edilen verilerle uyum gosterdigi
bulunmustur. Buna goére model indeksleri su sekilde bulunmustur: y?(120)=
286.95, p<.05, CFI = .95, SRMR = .07 ve RMSEA = .06 (%90 giiven
araliginda .05 ile .07 arasinda). Elde edilen bu sonuclar 6l¢egin yapisal
gecerliligine iliskin deliller sunmaktadir. Ciinkii yukarida belirtilen indeksler
onerilen araliklardadir. Ornegin CFI degerinin .90’dan biiyiik olmasi, SRMR
ve RMSEA degerlerinin .10’dan kiiciik olmasi onerilmektedir (Kline, 2005).
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Ayrica factor yiikleri incelendiginde bulunan degerlerin. 43 ile. 90 arasinda
degistigi ve biitiin faktor yiiklerinin istatistiksel olarak anlamli oldugu
goriilmiistiir. Pilot calismada dogrulayici faktor analizi sonucunda elde edilen
bulgular alan yazinla tutarlidir (Sorge & Schau, 2002; Tempelaar ve ark.,
2007).

Tiirkceye cevrilen Istatistige Yonelik Tutum Anketi©’nin giivenirlik analizi
Olcek altboyutlarinin Cronbach alfa katsayilari hesaplanarak
gerceklestirilmistir. Katsayilar su sekilde bulunmustur: duygu = .85, biligsel
yeterlik = .82, deger = .85, zorluk = .69, ilgi = .90, caba = .81. Bu sonugclar,
zorluk altboyutu giivenirlik katsayisinin kabul edilebilir diizeyde ve diger
altboyutlarin ise yiiksek diizeyde oldugunu gostermistir (Kline, 2005). Bu
sonuglar, dlcegin farkli dillerdeki uygulamalariyla da tutarlilik gostermektedir
(Carnell, 2008; Hilton ve ark., 2002; Tempelaar ve ark., 2007; Verhoeven,
2009).

Veri Toplama Siireci

Bu caligmada, ogrencilerin istatistige yonelik tutumlari, matematik basarilari
tizerine kisisel goriisleri ve istatistik kazanimlarina yonelik veriler anket
yoluyla toplanmis ve nicel analizler kullanilarak raporlanmistir. Bu calismaya
oncelikle genis bir alan yazin taramasi ile baslanmistir. Alanyazin taramasi
sonucunda arasrima sorusu olusturulmus ve daha sonra 36 madde ve alt1 alt
boyuttan olusan Istatistige Yonelik Tutum Anketi (SATS-36©; Schau, 2003)
veri toplama araci olarak secilmistir. Daha sonra hipotez edilen Istatistik
Tutum-Kazanim Modeli olusturulmus ve calismanin hedef kitlesi se¢ilmistir.
Hedef kitle belirlendikten sonra 6l¢ek Tiirk¢eye uyarlanmig ve 2009-2010 giiz
ve bahar donemleri sonlarinda arastirma grubuna uygulanmistir. Toplanan
veriler, betimsel olarak ve Yapisal Esitlik Modeli (YEM) kullanilarak analiz

edilmistir. Veri toplama siireci basamaklar1 Sekil 2’de sunulmaktadir.
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Sekil 2 Arastirma Deseninin Basamaklari

Verilerin Analizi

Calismada hipotez edilen modeli test etmek amaciyla Yapisal Esitlik
modellemesi (YEM) gerceklestirilmistir. Analiz, Mplus programi kullanilarak
yapilmistir (Muthen & Muthen, 2007). Sonuclar, farkli model indekslerine
bakilarak yorumlanmistir. Bunlar ki-kare, CFI, RMSEA, and SRMR ve

parametre tahminleridir.
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BULGULAR

Hipotez edilen Istatistik Tutum-Kazanim Modelini test etmeden 6nce yapisal
esitlik modellemesi yapilabilmesi icin gereken sayiltilarin  saglanip
saglanmadigina bakilmistir. Bu nedenle Oncelikle kayip verilerin miktar1 ve
dagilimina bakilmistir. Daha sonra verilerdeki u¢ noktalar tespit edilerek
verilerin coklu normal dagilimina bakilmistir. Ayrica analize dahil edilen
degiskenler arasinda dogrusal iliskilerin olup olmadig1 da kontrol edilmistir ve
son olarak degiskenler arasinda asirn yiiksek iliski olup olmamasina
(multicollinearity) ve hata varyanslarinin esit dagilmasmna bakilmistir
(homoscedasticity). Belirtilen sayiltilarin kontrol edilmesi i¢in SPSS 15
programi kullanilmistir. Bu sayiltilardan ¢oklu normal dagilim disinda bir
soruna rastlanmadigr goriilmiis ve verilerin analize uygun oldugu sonucuna
vartlmistir. Coklu normallik saglanmadig: icin yapisal esitlik modeli analizinde
standart hatalardan ekilenmeyen ‘en c¢ok olabilirlik tahmin edicisi metodu’
(maximum likelihood estimation with robust standard errors, MLR)

kullanilmastir.

a. Betimsel Sonuclar

Betimsel istatistik analizleri sonucunda 6grencilerin ¢ogunun ge¢mis (n=211,
%85.4) ve genel (n=204, %83.5) matematik basarilarim1 yiiksek olarak
belirttikleri goriilmiistiir. Ogrenciler, mevcut istatistik derslerini gecmeyi
beklediklerini (n=150, %60.6) belirtmistir. Ayrica Ogrencilerin yarisindan
fazlas1 kayitli olduklar1 programa devam ettikleri siirece (n=135, %54.6) ve ise
girdiklerinde (n=135, %54.6) istatistigi kullanacaklarin1  belirtmistir.
Katilimcilar mevcut istatistik derslerinden genel olarak ortalama diizeyde

notlar almistir ( X=4.86, SS=1.97). Ogrencilerin istatistige yonelik tutumlari

incelendiginde 1ise genel olarak olumlu tutumlara sahip olduklar

goriilmektedir. Buna gore, donem sonunda Ogrencilerin istatistige yonelik
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duygulariin (¥=4.60, SS=1.38), bilissel yeterliliklerinin (¥=5.43, SS=1.07),
istatistigi 6grenmek igin gosterdikleri cabanin (¥=5.10, SS=1.27) ve istatistige
verdikleri degerin (X=5.02, SS=1.02) olumlu oldugu bulunmustur. Bununla
beraber, ogrencilerin istatistige yonelik ilgilerinin (X=4.37, SS=1.57) ve
istatistigin zorluguna yonelik tutumlarinin (X=3.52, SS=.88) tarafsiz oldugu

goriilmiistiir. Bu sonuglar alanyazindaki bulgularla paralellik gostermektedir.
Hollanda (Tempelaar et al, 2007), A.B.D. (Carnell, 2008), ve Giiney
Afrika’dan  (Coetzee & van der Merwe, 2010) toplanan verilerle
gerceklestirilen calismalarda da benzer sekilde sonuclar rapor edilmistir.
Betimsel sonuglar ayrica matematik basaris1 degiskenin hi¢ bir tutum degiskeni
ile anlamli derecede iliskili olmadigini fakat istatistik kazanimlar1 degiskeni ile
anlamli derecede iliskili oldugunu gostermistir (r=.14, p<.05). Istatistige
yonelik tutum degiskenlerinden zorluk disindaki biitiin degiskenlerin istatistik
kazanimlar1 degiskeni ile anlamli derecede iligkili oldugu bulunmustur. Diger
bir degisle, istatistik kazanimlan ile duygu (r=.38, p<.05), biligsel yeterlik
(r=.35, p<.05), deger (r=.51, p<.05), ilgi (r=.57, p<.05), ¢aba (r=.44, p<.05)

degiskenleri arasinda istatistiksel olarak anlamli iligki bulunmustur.

b. Yapisal Esitlik Modeli Analizi

Arastirmada hipotez edilen Istatistik Tutum-Kazanim Modelini test etmek
amaciyla yapisal esitlik modellemesi (YEM) analizi gerceklestirilmistir.
Hipotez edilen model iki basamakta test edilmistir. Birinci basamakta 6l¢cme
modeli (measurement model) ikinci basamakta ise yapisal model (structural

model) test edilmistir.

[lk basamakta, O0lcme modelinin test edilmesinde Istatistik Tutum-Kazanim
modelinde yer alan faktorlerin (duygu, matematik basarisi, zorluk, biligsel
yeterlik, ilgi, ¢caba, deger, istatistik kazanimlar1) gostergeler (madde parselleri)

tarafindan ne olciide agiklandigi arastirilmistir. Analiz sonuclarin1 yorumlamak
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icin ¢ok sayida model uyum indeksleri kullanilmistir (MacCallum ve ark.,
1996). Bunlar ki-kare, ki-kare/serbestlik derecesi, CFI, RMSEA, SRMR
indeksleridir. Ki-kare degeri istatistiksel olarak anlamli bulunmustur, y* (224) =
387.163, p<.05. Bu deger, tahmin edilen 6lcme modelinin verilerin gosterdigi
modelden anlamli derecede farkli oldugunu gostermektedir. Ancak, yiiksek
katilimer sayisinin ki-kare testinde istatistiksel olarak anlamli sonuglara yol
actig bilindigi icin diger indeksler de incelenmistir. Ki-kare/serbestlik derecesi
1.73, CFI degeri .93, SRMR degeri .06 ve RMSEA degeri .05 (%90 giivenirlik
araliginda .05 ile .06 arasinda) olarak bulunmustur. Bu sonuclar, hipotez edilen
0lcme modelinin elde edilen verilerle uyumlu oldugunu gdstermistir (Kline,
2005). Olgme modelini test etmek amaciyla, ayrica beta yiiklerine (path
coefficients) de bakilmistir. Standardize edilmis ve standardize edilmemis beta
yiiklerinin hepsinin istatistiksel olarak anlamli oldugu goriilmiistiir. Beta
yiiklerini yorumlamak icin su kriterler kullamilmistir: standardize edilmis beta
yiikii degerleri .10 civarinda oldugunda kiiciik, .30 civarinda oldugunda orta ve
.50’den biiyiik oldugunda ise biiyiiktiir (Kline, 2005). Bu c¢alismada,
standardize edilmis beta yiiklerinin .24 (orta) ile .91 (biiyiik) arasinda degistigi
bulunmustur. Bdylece modeldeki faktorlerin (duygu, matematik basarisi,
zorluk, bilissel yeterlik, ilgi, caba, deger, istatistik kazanimlar1) hipotez edilen

O0lcme modeli tarafindan anlamli derecede agiklandigini goriilmiistiir.

Ikinci basamakta, yapisal modeli test etmek amaciyla ¢ok sayida model uyum
indeksleri kullanilmistir. Bunlar ki-kare, ki kare/serbestlik derecesi, CFI,
RMSEA, SRMR indeksleridir. Ki-kare degeri istatistiksel olarak anlaml
bulunmustur, x2(235):409.761, p<.05. Diger model uyum indeksleri ise ki-
kare/serbestlik derecesi= 1.74, CFI=.93, SRMR=.07 ve RMSEA=.06 (%90
giivenirlik aralifinda .05 ile .06 arasinda) seklindedir. Bu degerler, hipotez
edilen yapisal modelin yani Istatistik Tutum- Kazanim modelinin arastirma
verilerine uyumlu oldugunu gostermistir (Kline, 2005). Yapisal modeldeki beta

yiikleri, icsel degiskenlerin (endogenous variables) modeldeki diger
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degiskenler tarafindan dogrudan nasil yordandigim1 aciklayan regresyon
katsayilar1 olarak yorumlanmaktadir. Bunlara ayrica direk etki (dogrudan etki)
de denilmektedir. Beta yiikleri incelendiginde hipotez edilen Istatistik Tutum-
Kazanim Modelindeki toplam 16 yoldan 10’unun istatistiksel olarak anlaml
oldugu goriilmiistiir. Calismada istatistiksel olarak anlamli olmayan yollar
matematik basarisindan bilissel yeterlik ve duyguya olan; bilissel yeterlikten
caba, duygu ve degere, ve bilissel yeterlik ve duygudan istatistik kazanimlarina
olan yollardir. Istatistiksel olarak anlaml1 olan yol katsayilari ise .20 (kiiciik) ve
.86 (biiylik) degerleri arasinda degismektedir. Caligmada istatistiksel olarak
anlamli olan yollara (direk etki/dogrudan etki) bakildiginda elde edilen
sonuglar su sekildedir (Sekil 3):

1. Zorluk degiskeninin biligsel yeterlik iizerine olan direk etkisi biiytiktiir
(68).

2. Zorluk degiskeninin ilgi degiskeni iizerine direk etkisi biiyliktiir (-64).

3. Bilissel yeterlilik degiskeninin ilgi degiskeni iizerine direk etkisi orta
derecededir (.39).

4. Duygu degiskeninin ilgi degiskeni iizerine direk etkisi biiyiiktiir (.74).

5. Biligsel yeterlik degiskeninin duygu degiskeni iizerine direk etkisi
biiytiktiir (.86).

6. Ilgi degiskeninin ¢aba degiskeni iizerine direk etkisi biiyiiktiir (.62).

7. llgi degiskeninin deger degiskeni iizerine direk etkisi biiyiiktiir (.78).

8. Caba degiskeninin istatistik kazanimlar1 degiskeni iizerine direk etkisi
kiigiiktiir (.20).

9. Matematik basaris1 degiskeninin istatistik kazanimlari iizerine direk etkisi
kiigiiktiir (.21).

10. Deger degiskeninin istatistik kazamimlar1 iizerine direk etkisi biiyiiktiir

(.68).
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Dolayl etkiler, direk etkilerden yola ¢ikilarak hesaplanmaktadir. Bu ¢alismada,
zorluk degiskeninin ilgi degiskeni {izerine bilissel yeterlik yoluyla olan dolayl
etkisi pozitif yonde iken direk etkisi negatif yondedir. Ayrica biligsel yeterlik
degiskeninin istatistik kazanimlar1 iizerine dolayli etkisi istatistiksel olarak
anlmal1 degilken ilgi degiskeni yoluyla olan dolayl etkisi istatistiksel olarak
anlamhdir. Benzer durum duygu degiskeni icin de goriilmektedir. Duygu
degiskeninin deger ve istatistik kazanimlar1 {izerine direk etkisi anlaml

degilken yine ilgi yoluyla olan dolaylh etkisi istatistiksel olarak anlamlidir.

Degiskenler arasindaki direk ve dolayli etkiler toplandiginda toplam etki
degerleri elde edilmistir (Kline, 2005). Bu c¢alismanin bagimli degiskeni
istatistik kazanimlar1 oldugu i¢in istatistik kazanimlar1 degiskeni {izerine olan

toplam etkileri hesaplamak 6nemlidir.

Duygu, biligsel yeterlik, ilgi ve deger degiskenlerinin istatistik kazanimlari
degiskeni iizerine toplam etki degerinin yiiksek oldugu bulunmustur. Duygu,
biligsel yeterlik, ilgi ve deger degiskenlerinin istatistik kazanimlar1 degiskeni

izerine toplam etki degerleri sirasiyla .56, .56, .65 ve .68’dir.

Matematik basaris1 ve caba degiskenlerinin istatistik kazanimlar1 degiskeni

izerine toplam etki degerleri ise sirasiyla .25 ve .20’dir ve orta derecededir.
Sadece zorluk degiskeninin istatistik kazanimlar1 degiskeni iizerine toplam etki

degeri istatistiksel olarak anlamli degildir. Degiskenler arasindaki dogrudan,

dolayli ve toplam etki degerleri Tablo 1’de 6zetlenmistir.
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Tablo 1
Standardize Edilmis Dogrudan, Dolayli ve Toplam Etkiler

m 2% 5 £ 5 BE
5 =2 = S o s 5
A m L A kz N
Matematik Dogrudan Etki  -.04 .11 - - - 21%
basarisi Dolayl: Etki .09 - .01 -.02 .00 .04
Toplam Etki .05 A1 01 -.02 .00 25%
Zorluk Dogrudan Etki - .68% -.64% - - -
Dolaylh Etki S8 - 69%  -49*%  -50% -.10
Toplam Etki S58*  .68* .05 -49%  -50*%  -10
Duygu Dogrudan Etki - - Jg4*x - -03 .09
Dolayh Etki - - - A46%  58%  46*
Toplam Etki - - g4 46%  55%  56%
Bilissel Dogrudan Etki  .86* - 39% -4 - -.14
yeterlik Dolayl Etki - - .64% 64% 28 0%
Toplam Etki 86% - 1.03* .50*% .28 S56%*
Mgi Dogrudan Etki - - - 62%  78% -
Dolayl1 Etki - - - - - .65%
Toplam Etki - - - .62%  78%  .65%
Caba Dogrudan Etki - - - - - 20%
Dolayl1 Etki - - - - - -
Toplam Etki - - - - - 20%
Deger Dogrudan Etki - - - - - .68%
Dolayl Etki - - - - - -
Toplam Etki - - - - - .68%*
*p<.05

Son olarak, her bir degisken icin model tarafindan aciklanan varyanslar, ¢oklu
korelasyon katsayisimn karesine (R?) bakilarak incelenmistir. Buna gore,
hipotez edilen Istatistik Tutum-Kazanim Modelinin biitiin faktor varyanslarin
istatistiksel olarak anlamli derece agikladigl ve calismanin bagimli degiskeni
olan istatistik kazanimlarinin varyansin ise %66’sim agikladig bulunmustur

(Tablo 2).
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Tablo 2

Coklu Korelasyon Kareleri

Degisken Tahmin Standart Hata.
Bilissel yeterlik 48%* .07
Caba 31 .06
fgi 70% .07
Duygu 3% .07
Deger 58%* .06
Istatistik kazanimlari 66%* .09
*p<.05
TARTISMA

Bu calismada matematik basarisi, istatistige yonelik tutumlar, ve istatistik
kazanimlar1 arasindaki iliskiler hipotez edilen Istatistik Tutum-Kazanim

Modeli test edilerek incelenmistir.

Genel model uyumuna bakildiginda hipotez edilen Istatistik Tutum-Kazanim
Modeli’nin elde edilen verilerle uyumlu oldugu bulunmustur. Modelde yer alan
her faktoriin model tarafindan istatistiksel olarak anlamli derecede aciklandig:
goriilmiistiir. Bagimli degisken olan istatistik kazanimlar1 faktoriiniin varyansi
ise model tarafindan yine istatistiksel olarak anlamli derecede ve % 66’s1

aciklanacak sekilde yordanmustir.

Modelin genel olarak ¢aligma verilerine uyum saglamasinin yani sira, modelde
yer alan faktorlerin modele yaptig1 katkilara da bakilmistir. Buna gore, ilgi ve
deger degiskenlerinin istatistik kazamimlar1 degiskeni iizerine en yiiksek ve
istatistiksel olarak anlamli toplam etki degerine sahip oldugu bulunmustur.
Duygu ve biligsel yeterlik degiskenlerinin istatistik kazanimlar1 degiskeni
tizerine toplam etki degerlerinin ise ikinci derecede biiyiik ve istatistiksel
olarak anlamli oldugu bulunmustur. Ayrica, caba ve matematik basarisi

degiskenlerinin istatistik kazanimlar1 degiskeni {izerine toplam etki degeri orta
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derecede ve anlamlidir. Zorluk degiskeninin istatistik kazamimlar1 degiskeni

izerine toplam etki degeri ise istatistiksel olarak anlamli degildir.

Calismanin sonuclari, istatistik kazanimlar1 degiskeninin 6grencilerin istatistige
duyduklart ilgi ve istatistige verdikleri deger tarafindan yiiksek Oolciide
yordandigini gdstermistir. Ogrencilerin istatistik iizerine bilissel yeterlilikleri
ile 1ilgili tutumlar1 ve istatistie yoOnelik duygulari da onlarin istatistik
kazanmimlarin1 agiklayan faktorler olarak bulunmustur. Ayrica 6grencilerin
matematik basarilar1 lizerine kisisel goriisleri ve istatistik derslerinde
gosterdikleri caba da istatistik kazanimlarini agiklayan faktorler arasindadir.
Calismada bulunan ilging bir bulgu 6grencilerin istatistigin zorluguna iligkin
goriislerinin istatistik kazanimlar iizerine toplam etkisinin bulunmamasidir.
Ancak o6grencilerin istatistigin zorluguna iliskin goriislerinin onlarin istatistige
yonelik duygularini, biligsel yeterliklerini, istatistigin degerine iligskin
tutumlarim1 ve istatistik derslerinde gostermis olduklar1 ¢abayr agiklamada
etkili oldugu bulunmustur. Bu ac¢idan bakildiginda modelde yer alan tiim
degiskenlerin Istatistik Tutum-Kazamim Modeli’ninde hipotez edildigi gibi
istatistik kazanimlar1 bagimli degiskenini aciklamada 6nemli rolleri oldugunu

sOylemek miimkiindiir.

Oneriler

Kuram ve uygulamaya yonelik oneriler asagida verilmistir:

1. Bu calisma Tiirkiye’de Ingilizce egitim veren yiiksek prestijli bir
tiniversitenin lisans ve yiikseklisans dgrencileriyle gerceklestirilmistir.
Bu nedenle calismanin bulgular1 hedef kitle olan c¢alismanin
yiirlitiildiigii tiniversitenin istatistik dersi alan lisans ve yiikseklisans
ogrencilerine genellenmektedir. Gelecekte yapilacak calismalarda bu

iliskilerin farkli 6grenci profilleriyle arastirilarak daha genis kitlelere
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2.

3.

genellenmesi Onerilmektedir. Ayrica, bu calismadan yola cikilarak
kiiltiirler arasi karsilastirma caligmalar1 gerceklestirilebilir ve boylece
bu calismada one siiriilen degiskenler arasi iligkilerin farkli kiiltiir ve

farki 6rneklemler i¢in durumu incelenebilir.

Bu calismada yer alan matematik basarist1 degiskeni katilimcilarin
gecmis ve giincel matematik basarilari iizerine kisisel goriisleri alinarak
Olciilmiistiir ve ¢alismanin sonucunda 6grencilerin matematik basarilari
tizerine kisisel goriislerinin onlarin istatistikle ilgili duygular ve biligsel
yeterlikleri iizerine etkisi olmadig1 ancak istatistik kazanimlar iizerine
etkisi oldugu bulunmustur. Benzer sekilde ¢calismanin bagimh degiskeni
olan istatistik kazanimlarinin 6grencilerin istatistik dersinden aldiklari
notlar ve gelecekte ise sahip olduklarinda ve egitim aldiklar1 program
boyunca istatistigi kullanma istekleri ile olclilmiistiir. Gelecekte
yapilacak ¢alismalar icin matematik basaris1 degiskenini ve 0grencilerin
ileride istatistigi kullanma durumlarinin dogrudan yollarla ol¢iilmesi
onerilmektedir. Ornegin, matematik basarisim 6lgmek icin bagar
testleri uygulanabilir ve 6grencilerin gelecekte aldiklari istatistik ders
sayllar1 takip edilerek, farkli zamanlarda istatistigi ne kadar

kullandiklar dl¢iilebilir.

Bu calismada 6grencilerin istatistik dersinden aldiklar1 notlar disindaki
biitiin degiskenler tek bir zaman aralifinda Olciilmiistiir. Bu nedenle
calismada incelenen degiskenler neden-sonug iliskilerini ©nermek
yerine o anki duragan iligkileri gostermektedir. Buna bagl olarak,
gelecekte yapilan calismalarda boylamasina desenler kullanilarak
verilerin Ogrencilerin istatistik dersini almadan Once, istatistik dersini
aldiklar1 sirada ve daha sonra gibi farkli zamanlarda toplanilmasi

onerilmektedir.
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4. Calismada hipotez edilen Istatistik Tutum-Kazanmim Modeli degiskenler

5.

6.

arasindaki tek yonli iliskileri icermektedir. Gelecekte yapilacak
caligmalarda iki yonlii iliskilerin de incelenmesi Onerilmektedir.
Ornegin, bu calismada ogrencilerin bilissel yeterliliklerinin istatistik
kazanimlan {iizerine etkisine bakilmistir. Diger caligmalarda istatistik
kazanmimlarinin  6g8rencilerin istatistige yonelik biligsel yeterlikleri

tizerine etkisine bakilmasi da Onerilebilir.

Bu calismada gergeklestirilen kapsamli alanyazin taramasi1 gostermistir
ki yapisal esitlik modellemesi c¢aligmalarinin biiyiik bir kisminda
bagimhi degisken olarak istatististik basarisin1 kullanilmigtir (6rnegin,
Bude” ve ark., 2007; Lalonde & Gardner, 1993; Nasser, 2004; Sorge,
2001). Oysaki 6grencilerin istatistige yonelik tutumlari da istatistik
dersinden sonraki davraniglarini etkileyen Onemli bir faktor olarak
goriilmektedir (Gal, Ginsburg, & Schau, 1997). Bu nedenle bu
calismada ele alinan bagimli degisken 6grencilerin istatistik dersinden
aldiklar1 notun yani sira, ileride istatistigi kullanma isteklerini de
icermektedir. Gelecekte yapilacak calismalar i¢in bu calismaya benzer

sekilde farkli bagimli degiskenler kullanilmasi 6nerilmektedir.

Istatistik Tutum-Kazanim Modeli’nde yer alan degiskenler calismanin
bagimhi degiskeni olan istatistik kazamimlarini istatistiksel olarak
anlamli derecede yordamustir. Fakat bazi demografik degiskenlerin
(cinsiyet ve yas gibi) ya da kisilik 6zelliklerinin (miikemmelliyet¢ilik
ve Ogrenme stilleri gibi) de istatistik kazanimlarini aciklamada rolii
oldugu bilinmektedir (Onwuegbuzie & Daley, 1999; Tempelaar,
Rienties, Loeff, & Giesbers, 2010). Calismada test edilen [statistik
Tutum-Kazanim Modeli’i yapilan analizler sonucunda toplanan
verilerle uyum gostermis olmasina ragmen, bu durum modelin hipotez

edilen iliskileri aciklayan en i1yi model oldugunu gostermemektedir. Bu
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nedenle gelecekte yapilacak calismalarda farkli alternatif modellerin

test edilmesi Onerilmektedir.

7. Bu calismada hipotez edilen ve test edilen Istatistik Tutum-Kazanim
Modeli Eccles ve arkadaslarimin (Eccles & Wigfield, 1995, 2002;
Wigfield & Eccles, 2000) beklenti-deger teoriesine dayanmistir. Bu
calisma, Eccles ve arkadaglarinin modelinin istatistik egitimine
uygulanabilecegini gostermistir. Istatistik Tutum-Kazanim Modelinin
temel adig1 kuramsal altyapt g6z Oniinde bulunduruldugunda, bu
modelin ileriki ¢aligmalarda Fen ve Matematik gibi diger alanlara da

uyarlanmasi onerilebilir.

8. Bu calisma, Ogrencilerin matematik basarilart iizerine kisisel
goriiglerinin, onlarin istatistik kazanimlarini agiklamada etkili oldugunu
gostermistir. Buna bagh olarak, istatistik egitmenlerinin 6grencilerin
matematik basaris1 seviyelerinin farkinda olmalar1 ve istatistik
Ogretimini bu faktorii g6z Oniinde bulundurarak ayarlamalari

onerilmektedir.

9. Calismada Ogrencilerin istatistifin  degerine yoOnelik tutumlari,
istatistige duyduklart ilgilerinin, bilissel yeterliklerinin ve duygularinin
istatistik kazanimlarin1 agiklamada etkisinin oldugunu gostermistir.
Buna bagh olarak, istatistik egitmenlerinin Ogrencilerin istatistigin
degerine yonelik tutumlarini artiracak deger bicme yontemi (value-
reappraisal method) gibi O6gretim yontemlerini (Acee & Weinstein,
2010) kullanmalar1 Onerilmektedir. Ayrica Ogrencilerin istatistige
yonelik olumlu duygularini ve istatistige olan ilgilerini artirmalar1 i¢in
ogrencilerin ilgilerini ¢ekebilecek eglenceli ve ilgi c¢ekici yontemler
kullanmalar1 ©Onerilmektedir (Berk & Nanda, 1998; Lesser & Pearl,
2008; Milburn, 2007).
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10.

11.

Calismada o6grencilerin istatistige yonelik biligsel yeterliklerinin
onlarin istatitik kazanimlarim1 aciklamaya etkisi oldugu bulunmustur.
Bu nedenle istatistik egitimcilerinin Ogrencilerin biligsel yeterlikleri
hakkindaki goriislerinin farkinda olmalar1 ve dgretimi farkli seviyedeki
ve farkli biligsel yeterlik algisina sahip Ogrencileri goéz Oniinde

bulundurarak planlamalar1 ve uygulamalar1 onerilmektedir.

Bu c¢alisma Ogrencilerin istatistik basarinin yani sira onlarin istatistige
yonelik tutumlarinin da istatistik egitiminde 6nemli faktorler oldugunu
gostermistir. Bu nedenle istatistik egitmenlerinin 6grencilerin istatistik
basarilarinin  yaninda istatistie yonelik tutumlarini da atirmayi
hedeflemeleri ve 6grencilerinin istatistige yonelik tutumlarini dlgerek,

farkindalik kazanmalar1 6nerilmektedir.
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