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Understanding student achievement in science is important as there is an 

increasing reliance of the U.S. economy on math-, science-, and technology-related 

fields despite the declining number of youth seeking college degrees and careers in 

math and science.  A series of structural equation models were tested using the scores 

from a statewide science exam for 276 students from a suburban north Texas public 

school district at the end of their 5th grade year and the latent variables of spatial ability, 

motivation to learn science and science-related attitude.  Spatial ability was tested as a 

mediating variable on motivation and attitude; however, while spatial ability had 

statistically significant regression coefficients with motivation and attitude, spatial ability 

was found to be the sole statistically significant predictor of science achievement for 

these students explaining 23.1% of the variance in science scores. 
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SPATIAL ABILITY, MOTIVATION, AND ATTITUDE OF STUDENTS AS RELATED TO 
SCIENCE ACHIEVEMENT 

Introduction 

Understanding student achievement in science is important as there is an 

increasing reliance of the U.S. economy on math-, science-, and technology-related 

fields despite the declining number of youth seeking college degrees and careers in 

math and science (Simpkins, Davis-Kean & Eccles, 2006).  The National Science Board 

(NSB, 2010) reported that between 1980 and 2000 there was a 4.2% growth in science 

and engineering (S&E) occupations, while the number of S&E degrees earned only 

grew by 1.5%.  Because there is a decline in national and state science performance as 

students advance in grade, students may not see themselves as suited for S&E college 

majors (Galama & Hosek, 2008; TEA, 2007, 2008, 2009, 2010).  Note: In 2010 the 

passing standard for the Texas Exit Level science test was reduced; subsequently, the 

number of 11th graders passing the test increased.   

Wai, Lubinski, and Benbow (2009) found in their 11-year longitudinal study that 

spatial ability is a salient psychological characteristic among adolescents who 

subsequently go on to achieve advanced educational and occupational credentials in 

STEM [science, technology, engineering, and mathematics] fields, yet spatial ability is 

not typically a criterion included in talent searches.  They contended that by not 

assessing spatial ability, a potential pool of future STEM workers is being ignored.  By 

engaging these students at a higher level and encouraging them to continue their 

education, they would potentially self-direct towards STEM careers, thereby increasing 

the number of U.S.-born STEM workers. 
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Smist and Owen (1994) report science self-efficacy significantly predicted 

science and engineering grades, perseverance, and a range of career options, even 

when the variance related to ability, high school achievement, and vocational interest 

were removed.  It is suggested that an improvement in science self-efficacy and science 

attitude will decrease the likelihood that students will avoid science work (Britner & 

Pajares, 2006; Smist & Owen, 1994).  Additionally, students with high spatial ability 

have reported less motivation and less engagement in school due to the current strong 

verbal and mathematical orientation of K-12 curriculum which dissuades them from 

pursuing postsecondary education (Webb, Lubinski, & Benbow, 2007).    

People self-direct their activities and life paths based on their self-efficacy beliefs 

(Lent, Lopez, Brown, & Gore, 1996).  Bandura’s (2001) social-cognitive theory states 

humans are interactive agents of experience who utilize intentional acts, forethought, 

self-reactiveness, and self-reflectiveness to set and attain personal goals and actions.  

According to Bandura (2001) nothing is more central or pervasive than one’s belief in 

his or her capability to produce effects by his or her actions; therefore, self-efficacy is 

the core of his theory. 

Self-efficacy beliefs are influenced by personal experience and efficacy 

information received vicariously, socially, and physiologically.  Perceived self-efficacy 

will dictate how a person approaches a problem, his or her motivation to persevere, and 

to what he or she attributes failure.  A person with strong self-efficacy will view difficult 

tasks as challenges and will increase his or her efforts, will attribute a failure to 

insufficient effort or deficient knowledge or skills that is acquirable and will quickly 

recover his or her sense of efficacy.  A person with low self-efficacy will view difficult 
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tasks as a personal threat and will lessen his or her efforts, will attribute a failure to 

personal deficiencies and obstacles and are slow to recover his or her sense of efficacy 

(Bandura, 1993).   

Simpkins et al. (2006) discuss the reciprocal relationship between choices and 

beliefs children continually refine as they develop from middle childhood into 

adolescence.  Simpkins et al. (2006) cite Erikson to support their statement that middle 

childhood is a critical period for this development.  Galama and Hosek (2008) 

recommend further research into childhood education as it is considered a “crucial 

foundation for cognitive, social, and emotional development” (p. xix).  These years are 

also important in Gottfredson’s (2005) theory of circumscription and compromise. 

Significance 

As suggested by several researchers, attitudes toward science and the resulting 

science self-efficacy and achievement can be changed (Britner & Pajares, 2006; 

Farenga & Joyce, 1988; Smist & Owen, 1994).  While science self-efficacy significantly 

predicts science and engineering grades, and range of career options (Smist & Owen, 

1994), Wai et al. (2009) found spatial ability to be a salient psychological characteristic 

among adolescents who subsequently go on to achieve advanced educational and 

occupational credentials in STEM fields.  Typical talent searches utilize quantitative and 

verbal skill assessments (e.g., SAT and GRE).  Wai et al. (2009) used Carroll’s radex 

model of cognitive ability of general intelligence, g, consisting of three domains; 

quantitative/numerical, spatial/pictorial and verbal/linguistic, to demonstrate that the 

spatial/pictorial domain is usually overlooked.     
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As the growth in the number of S&E degrees earned by U.S. students did not 

keep pace with the growth of science and engineering occupations, the immigration of 

foreign-born S&E workers helped fill the gap (NSB, 2010).  Should the U.S. become 

less successful in recruiting or make it more difficult for foreign-born S&E workers to 

immigrate, a reduction in the growth rate of S&E labor force could affect U.S. economic 

growth and technological change (NSB, 2008).  A better understanding of the persistent 

underperformance of U.S. students in math and science and their lack of interest in 

science and engineering careers is needed because of the increasing reliance on 

foreign-born S&E workers (Galama & Hosek, 2008). 

Purpose of the Study 

The purpose of this study is to examine how the latent traits of spatial ability, 

attitudes towards science, and the motivation to learn science explain variance in 

science achievement in 5th grade students (typically, 10 – 11 years of age) in a 

suburban north Texas public school district.  This grade level falls within with Erikson’s 

middle childhood stage of 6 – 11 years of age when children are just beginning to refine 

their beliefs and this is the first grade level that is tested at a state level on science.   

Spatial Ability 

According to Thurstone (1938), it is “customary to group psychological tests in 

three large categories, namely, verbal, numerical, and spatial” (p. 83).  Verbal, 

quantitative, and spatial reasoning each have psychological meaning beyond the 

general ability factor, g (Lubinski, 2000).  This review focuses on spatial ability and how 

it relates to the STEM domain.   
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Lohman (1996) states that spatial ability is not a unitary construct as it may be 

defined as the ability to generate, retain, retrieve and transform visual images.  Factor 

analyses show that spatial tests are good measures of g and suggest the overlap is due 

to the heavy demands spatial processing places on working memory (Lohman, 1996).  

According to Kyllonen, Lohman, and Snow (1984) how individuals perform these tasks 

is difficult to assess as individuals use different strategies and often shift to analytic, 

non-spatial strategies as the item difficulty increases; consequently, this may explain 

why high analytic reasoning tests tend to be highly correlated with complex spatial 

ability tests. 

High levels of spatial ability have been linked to creativity in the arts, as well as 

science and mathematics (Lohman, 1996).  Lohman (1996) said individuals who excel 

in this ability are more likely to spontaneously create these models when thinking, 

especially when verbal fluency abilities are relatively low, and these individuals are 

more introverted.  Several well-known physicists, inventors and generalists, such as 

Albert Einstein, James Watt, Benjamin Franklin, and Francis Galton, all of whom 

possessed high spatial ability, have reported that through visualization they gained 

insights into their most creative works (Lohman, 1996).   

In their 11-year longitudinal study Wai et al. (2009) found spatial ability to be a 

salient psychological characteristic common among adolescents who went on to 

achieve advanced educational degrees and occupational credentials in STEM.  They 

also concluded that spatial ability was of increasing importance as more advanced 

STEM-related educational levels were sought (Wai et al., 2009).  While their study 

included gifted individuals, they also expressed how spatial ability plays a critical role in 
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structuring education and occupational outcomes for the general population (Wai et al., 

2009).  Finally, they criticized contemporary talent searches for not including spatial 

ability criteria as this restriction would miss additional individuals who would succeed in 

STEM careers if their talent had been nurtured (Lubinski, 2010; Wai et al., 2009). 

Webb et al. (2007) called for further research into interventions and curriculum 

refinement to address the educational needs of the spatially-talented student.  As typical 

middle school and high school curricula are geared towards mathematical and verbal 

ability, spatially-talented students felt less comfortable and reported being less 

motivated to study, enjoyed assignments less and paid less attention in class (Webb et 

al., 2007; Shea, Lubinski, & Benbow, 2001).  Because spatially-able students prefer to 

learn by reasoning with forms and shapes and “hands-on” activities, they typically self-

select or are directed toward vocational courses.  Their talents are applicable to 

succeeding in S&E, but they are in jeopardy of underachieving academically, leading to 

employment below their potential (Humphreys, Lubinksi, & Yao, 1993; Webb et al, 

2007) 

Ramadas (2009) stated, “visual and spatial thinking is an integral part of doing 

and learning science” (p. 301).  Unlike the arts and to a lesser degree in design and 

technology, images in science education need text and other formalisms to fully convey 

the concept.  Images in science use a great deal of conceptual, abstract and 

mathematical content.  Problem-solving situations may draw on a combination of 

specific knowledge, abstract rules, image manipulation, and mathematical analysis 

which collectively can be called “transformational reasoning.”  Through a series of 

mental image transformations knowledge is extended from what is being seen, to what 
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is known or learned to form generalizations.  Experts have a rich amount of related 

subject knowledge encoded, while the novice has more superficial knowledge.  Central 

to learning science is the ability to add complexity through a process of continual 

transformations.  

Achievement and Motivation 

The variance accounted for in achievement by IQ is about 25%, with the 

remaining 75% of the variance explained by other factors (Lau & Roeser, 2002).  

Research has demonstrated an individual’s sense of task-related efficacy, his or her 

value of the task, and their interest in the activity contribute to the individual’s 

persistence, performance, and choice (Lau & Roeser, 2002; Pintrich & DeGroot, 1990).  

Pintrich and DeGroot (1990) propose three motivational aspects to be linked to self-

regulated learning: (a) the expectancy aspect, which relates the student’s ability to 

successfully perform the task; (b) the value aspect, which includes the student’s sense 

of importance and interest in the task; and (c) the affective aspect, which is the 

student’s emotional response to the task.  This is consistent with Snow’s conclusion that 

achievement outcomes rely both on cognitive ability and motivational input, in other 

words, performance and commitment (Lau & Roeser, 2002).  

Byrnes and Miller (2007) conducted a study of math and science achievement 

among high school students in which they used the National Educational Longitudinal 

Study (NELS:88). In their study, Byrnes and Miller found that middle school grade point 

average (GPA) was a strong and consistent predictor of high school math and science 

achievement.  They posited the test scores and grades were a combination of 

knowledge and aptitudes showing the students were willing and able to take advantage 
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of learning opportunities, which also reflected the student’s self-concept and self-

efficacy.  They found a reduction in the amount of variance explained in science 

achievement compared to math achievement, which they speculated was due to the 

nature of high school courses as science courses do not build on knowledge from year-

to-year as do math courses.  Also their science model did not have a self-concept 

predictor.  As Byrnes and Miller felt that these results showed the student’s self-concept 

and self-efficacy, they identified a need for research concerning student interest and 

motivation in earlier grades (e.g., middle school) as these variables influence high 

school course outcomes and subsequent college major and career endeavors. 

A study conducted by Reynolds and Walberg (1991) using seventh graders from 

the Longitudinal Study of American Youth examined science achievement.    Motivation 

provided the second greatest indirect effect after home environment, even though it was 

measured using only two Likert-type items, providing additional support to include a 

motivation factor when investigating science achievement.   

Self-Efficacy, Self-Concept, and Vocational Paths 

Self-directed behavior has been shown to result in activities and life paths that 

are strongly influenced by self-efficacy beliefs (Lent et al. 1996).  This self-directed 

behavior occurs when humans are interactive agents of experience that utilize 

intentional acts, forethought, self-reactiveness, and self-reflectiveness to set and attain 

personal goals and actions (Bandura, 2001).  Therefore, according to this theory 

(Bandura, 2001), nothing is more central or pervasive than one’s belief in his or her 

capability to produce effects by their actions, and self-efficacy is the individual difference 

phenomenon that alters the extent to which individuals will act. 
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Self-efficacy beliefs are influenced by personal experience and efficacy 

information received vicariously, socially and physiologically.   Perceived self-efficacy 

will dictate how a person approaches a problem, his or her motivation to persevere, and 

to what he or she attribute failure.  A person with strong self-efficacy will view difficult 

tasks as challenges and will increase his or her efforts, will attribute a failure to 

insufficient effort or deficient knowledge or skills that are acquirable and will quickly 

recover his or her sense of efficacy.  A person with weak self-efficacy will view difficult 

tasks as a personal threat and will lessen their efforts, will attribute a failure to personal 

deficiencies and obstacles and are slow to recover his or her sense of efficacy 

(Bandura, 1993).   

Simpkins et al. (2006) discuss the reciprocal relationship between choices and 

beliefs children continually refine as they develop from middle childhood into 

adolescence.  In Erikson’s psychosocial theory, each of the eight development stages is 

met with conflict or crisis leading to a successful or unsuccessful resolution which 

determines how the individual deals with the next stage (Miller, 2002). While Erikson did 

not associate chronological ages with his developmental stages, it has been 

hypothesized that middle childhood would span 6-11 years of age (Sokol, 2009).  The 

stage encompassing this age range is industry versus inferiority in which children begin 

to see themselves as separate from their parents and to determine what their strengths 

and weaknesses are.  Positive or successful experiences give the child a sense of 

competence or industry while failure leads to a sense of inferiority (Miller, 2002).  

Simpkins et al. used this theory to support their statement that middle childhood is a 

critical period of development as it will lay the foundation for the individual’s identity.   
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Gottfredson’s (1981, 2005) Theory of Circumscription and Compromise also has 

a developmental stage that occurs during middle-school age range.  She addresses the 

critical development of matching interests and goals to skills, abilities and temperament 

as a path to vocational choices.  In order words, given their belief or expectation of what 

they can do, how do individuals reconcile their self-efficacy with their skills and abilities, 

leading to their self-concept (Bong & Skaalvik, 2003; Pajares & Miller, 1994)?  As 

middle school students, children are beginning to think more abstractly and they begin 

to define their vocational goals based on tolerable-effort and what they view as realistic 

aspirations. This creates a zone of acceptable alternatives or social space.  

Unfortunately, occupations outside of the social space have been eliminated as 

possibilities even though they might be a good fit.  As this process begins long before 

individuals realize they are making vocational decisions, understanding the impact of 

preadolescent cognition on vocational development is important.   

To avoid the unnecessary elimination of vocational possibilities, children need to 

be exposed to different experiences whether directly or vicariously.  Gottfredson (2005) 

discussed the need for students to be exposed to data and ideas through reasoning, 

reading, writing and math. Additionally, students need exposure to working with people 

through group projects which can provide opportunities for leadership and social skills 

development.  Finally, students need, but receive, even fewer opportunities to work with 

things which will provide exposure to spatial-mechanical skills.   Missing exposure to 

these facets does not provide individuals with an opportunity to explore their natural 

proclivity, which, in turn, places unnecessary constraints on their zone of acceptable 

alternatives.  Learning that they do not like a particular type of work or activity is just as 



11 
 

informative to the creation of their social space.  This is especially important during 

middle school as students begin to select academic tracks, regular versus pre-

advanced placement courses, and electives, such as band or athletics.  

   Gottfredson (2005) discussed the links between job aptitude, general ability 

level, and ability profile.  In particular, spatial-mechanical ability appears related to 

crafts, engineering, and hard sciences despite the fact that students have the least 

exposure to them in their school experience.  Humphreys et al. (1993) found that action 

verbs, including building, making, repairing, sewing, painting, and gardening, dominated 

hobby surveys from spatially-talented individuals.  They and Gottfredson recommend 

that special attention be given to determine if students are strong in spatial ability.  

Humphreys et al. went further to suggest schools should add curriculum with strong 

hands-on components to better engage students with high spatial ability as current 

curricula tend to emphasize only verbal and math abilities. 

Self-concept, confidence in learning science, interest and motivation in science, 

and self-efficacy have been found to be salient predictors of science achievement and 

career aspirations in STEM fields, as well as predictors of science avoidance if the 

factors are negative (Singh, Granville, & Dika, 2002).  As discussed above, avoidance is 

accomplished by eliminating vocational paths or constricting the social space that would 

require science courses.  

Interests, college majors, and occupational choices begin to “crystallize” during 

adolescence (Lubinski, 2000; Singh et al., 2002).  Once choices are eliminated based 

on compatibility with one’s interests and abilities, they are not reconsidered except 

under rare circumstances (Gottfredson, 1981).  As such, knowing students’ interests 
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can provide useful information relevant to optimal educational and vocational settings 

(Lubinski, 2000).  Despite the importance of early interest and success in science during 

middle school, limited research has been conducted on individual and school factors 

related to academic achievement at this age (Singh et al., 2002).   

Therefore, the present study is intended to begin this work by asking the 

following research questions: (a) To what extent do spatial ability, motivation to learn 

science, and attitudes towards science account for the variance in science achievement 

in 5th graders as measured by a state-wide science test?, and (b) In what ways do these 

traits vary in their prediction of science achievement for 5th grade students? 

Methods 

As discussed above spatial ability, motivation, and self-concept have been found 

to influence student achievement. The present cross-sectional study examined the 

influence of these traits on science achievement for 276 5th grade students in a 

suburban north Texas public school district (males = 47.5%).  The average age was 

11.39 years, ranging from 10.44 to 12.73 years (SD = .417).  The ethnic make-up of 

these students is as follows: 2.9% Asian, 12.7% African American, 26.4% Hispanic, and 

73.6% White.  Additionally, 15.9% of these students were Economically Disadvantaged, 

4% were Special Education students, and 9.4% were identified as Gifted and Talented 

students. 

Instrumentation 

The dependent variable of science achievement was measured by the Spring, 

2010 Texas Assessment of Knowledge and Skills (TAKS) science exams for 5th 

graders.  TAKS measures the mastery of state-required curricula and has been used 
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since 2003 to measure science achievement (TEA, n.d.).  Three independent variables 

were included: spatial ability as measured by the Shipley-2 Block Pattern Test, self-

concept (attitude) as measured by the test of science related attitudes (TOSRA), and 

motivation as measured by the Science Motivation Questionnaire (SMQ).   

The Shipley-2 Block Pattern Test is a nonverbal task assessing fluid cognitive 

ability as it is a paper-and-pencil adaptation of Kohs Block Design Test (Kohs, 1920) 

and a revision and restandardization of the Shipley Institute of Living Scale (Shipley, 

Gruber, Martin, & Klein, 2009).  This instrument is particularly useful as it has been 

standardized for use with children and adults from age 7 to 89 years (Shipley et al., 

2009).  While individually- or group-administered in 10 minutes, the subject must 

determine which piece(s) is needed to complete the displayed mosaic which supports 

Zachary, Crumpton and Spiegel’s description of a quick, economical estimate of the 

person’s cognitive ability (Shipley et al., 2009).  Because this is both a timed and power 

test difficulties in applying item response theory to analyze the data have been found 

when examining the psychometric properties of the test (Hull, Worrell, Beaujean, Sheng 

& Verdisco, 2010, May). Because Hull et al. (2010, May) have recommended that the 

time restriction be lifted and because an ample number of completed items were 

desired to preserve the sample size, the students were given 20 minutes to complete 

this test.  According to the Shipley-2 manual the Block Pattern Test has a median 

internal consistency reliability coefficient of .85 when used with children. 

The Test of Science-Related Attitudes (TOSRA) is a five-point Likert-type, 70-

item test with seven subscales:  Social Implications of Science, Normality of Scientists, 

Attitude toward Scientific Inquiry, Adoption of Scientific Attitudes, Enjoyment of Science 
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Lessons, Leisure Interest in Science, and Career Interest in Science, with reliability 

coefficients reported for the subscales ranging from .64 to .93 (Fraser, 1981).  

Response categories were: 1 = strongly disagree, 2 = disagree, 3 = not sure, 4 = agree, 

and 5 = strongly agree.  Higher means represent more of the trait, with a subscale 

maximum score of 50.  The test was developed using students in Year 7 – 10 in school 

(Fraser, 1981); however, Farenga and Joyce (1998) reported reliability scores for each 

of the subscales after using the instrument with high-achieving students ages 9 to 13 

ranging from .61 to .93, with a reliability coefficient of .96 for the total TOSRA scores.  

The items for each subscale were evenly distributed throughout the instrument, with half 

of the items being negatively worded and randomly dispersed within each subscale.    

The Science Motivation Questionnaire (SMQ) is a 30-item, 5-point Likert type test 

written to a 6th grade reading level using six subscales to measure motivation in science 

learning:  intrinsic motivation, extrinsic motivation, personal relevance, self-

determination, self-efficacy, and anxiety about science assessments (Glynn & Koballa, 

2006; Glynn, Taasoobshirazi, & Brickman, 2007, 2009).  Response categories were: 1 = 

never, 2 = rarely, 3 = sometimes, 4 = usually, and 5 = always.  The items in the science 

test anxiety subscale were negatively worded and required reverse coding.  Items for 

each subscale were randomly distributed throughout the instrument.  One item, “I think 

about how my science grade will affect my overall grade point average,” was not used in 

this setting as grade point averages are not calculated for 5th grade students in this 

school district.  Higher means represent more of the trait with a maximum subscale 

mean score of 25, except on the extrinsically motivated subscale the maximum mean 

score is 20.  
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Glynn and Koballa (2006) found the internal consistency to be 0.93 and it was 

positively correlated with the number of science courses taken, science grades, and an 

interest in science careers with undergraduates.  In a subsequent study conducted by 

Glynn et al. (2007), a Cronbach coefficient alpha of 0.93 was obtained with college 

students.  In a third study the Cronbach coefficient alpha was again measured to be 

0.93 using college students, with the total score being correlated to science GPA and 

the belief that science was relevant to the subject’s career (0.56, 0.51, respectively) 

(Glynn et al., 2009).   

Data Collection 

Data from the 5th grade science TAKS tests were obtained from the three 

campuses from the administration given in April, 2010.  District personnel provided the 

TAKS scores identified by student initials, birthdates, and home campus.  The principals 

from each of the three campuses with 5th grade students contacted parents to inform 

them of the research study and to provide them an opportunity to opt their child out of 

the study.  The remaining paper-and-pencil instruments were administered in a single, 

large group setting in the same order at each campus in late May, 2010.  After the 

students were gathered for the group administration they were informed this was a 

research study and their individual responses would be held in confidence.  They were 

given the opportunity to leave if they did not wish to participate.  They were instructed to 

only use their initials and birth date as identifiers on the instruments.  As students were 

being asked for their opinions related to science, no science teachers or school 

administrators were present during the administration of the instruments to further 

promote honest responses from the students. Three test administration sessions were 
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required to assess all students (N = 276, 47.5% male).  Test administration proceeded 

in the same manner in each session with respect to timing and order of instrument 

presentation.  The Shipley-2 Block Pattern Test was administered first, and then the 

students were provided an opportunity for a break.  Instructions were given for the SMQ 

and TOSRA instruments, and students were again provided an opportunity for a break.  

After students completed the three instruments they were allowed to quietly read a book 

until the other students finished.  The group test administration session was held on 

each of the three campuses in the morning and testing on each campus was completed 

within 1.5 hours.   

Data Analysis 

 Structural equation modeling was used rather than multiple regression in order 

to test hypothesized models and to examine the interaction between predictors (Bentler, 

1980; Grace & Bollen, 2005). In multiple regression each predictor is treated equally, 

and their interrelations remain unanalyzed.   If each of the items on the instruments had 

been used as independent variables and regressed on the science TAKS scores, the 

large number of variables for this sample size and the correlation between the items 

would cause difficulties in the ordinary least squares calculations (Pedhazer, 1997).  

This condition is called multicollinearity, and it can cause large standard errors, lower 

power, and difficulty interpreting which variables are adding to the explanation of 

variance.  More importantly, the relationship would have been established between 

science TAKS scores and specific items or statements.  By examining the internal 

consistency of the responses and by using factor analysis, underlying constructs can be 

found allowing items to be grouped together and the number of variables reduced.  
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Higher values of internal consistency reflect that items are measuring the same 

construct.  Typically, values of .7 - .8 are acceptable for research purposes (Henson, 

2001; Nunnally, 1978; Streiner, 2003).  In factor analysis, items that are highly 

correlated will group together by loading on the same factor.  Using these underlying 

constructs in the test of structural equation models will allow relationships to be found 

with more generalized themes, ideas or traits rather than relationships to individual test 

items (Bollen, 2002).      

The goal of the present study was to analyze the extent to which spatial ability, 

motivation to learn science and attitudes toward science account for science 

achievement scores.  First, the internal consistency of the data from each instrument 

was examined using SPSS version 18 in order to establish evidence that the items were 

measuring the same construct within the instruments.   

To increase the reliability and validity of unobserved variables, multiple indicators 

are used (Bentler, 1980; Reynolds & Walberg, 1991).  In addition to establishing 

relationships between science scores and specific statements, using the 176 test items 

as variables with n = 276 violates the general rule of thumb of 10 to 20 subjects per 

variable (Bentler, 1980).  Debate continues as to the acceptable number of indicator 

variables per latent variable.  Marsh and Hau (2007) support a ratio of at least 3:1 

between indicators to latent variables, but also advocate the “more is better” approach, 

especially when both sample size and factor loading coefficients are modest.  Little, 

Cunningham, Shahar and Widamin (2002) write that an advantage of parceling is that 

the number of items can be reduced in order to obtain a just-identified model; however, 
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parceling can be misused if applied to a set of items measuring different constructs or 

having systematic error as then the error becomes part of the latent variable.  

To honor the recommendation of 20 subjects per variable, a limit of 13 indicators 

was established.  As the items on the Shipley-2 Block Pattern Test increase in difficulty, 

the 26 items were grouped into three indicators: those items missing one block (SHF1), 

those items missing two blocks (SHF2), and those items missing four blocks (SHF4).  

Because the overall construct of motivation and attitude were of interest in the model, 

not the individual subscales, item-to-construct balance parceling was employed to 

establish five indicators of motivation and five indicators of attitude.  This approach 

would balance the parcels across all of the subscales.   

After the parceling, the univariate skewness and kurtosis of the variables were 

examined as univariate normality is a prerequisite but not a guarantee of multivariate 

normality (Henson, 1999). While multivariate analysis methods have the advantage of 

reducing the risk of increased experimentwise Type I error rates and more closely 

represent complex research scenarios, having multivariate normally distributed data is a 

strong assumption for the application of maximum likelihood estimation procedures.  

Curran, West and Finch (1996) suggest univariate skewness of ≥2.0 and kurtosis of 

≥7.0 indicate multivariate nonnormality; therefore, the variables were screened to these 

levels.   

MPlus version 6.1 was used to test a series of models using imputation for data 

missing at random.  Similar to the studies of Byrnes and Miller (2007); Glynn and 

Koballa (2006), Glynn et al. (2007, 2009), Lau and Roeser (2002), Pintrich and DeGroot 

(1990), and Reynolds and Walberg (1991), the first model tested reflected the theory 
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that motivation to learn science and attitudes toward science will influence science 

scores.  Next, spatial ability was introduced as a variable of equal importance, and 

science scores were regressed on spatial ability, motivation, and attitude via a structural 

equation model.    

As a mediating variable will help explain how or why the predicator variable 

affects the dependent variable (Baron & Kenny, 1986), spatial ability was used as a 

mediating variable in the next models to test whether spatial ability would influence a 

student’s motivation and / or attitude, which in turn affect the student’s science score.  In 

the first mediating model, spatial ability had direct paths to motivation and attitude, with 

motivation and attitude having direct paths to science scores.  In the next mediating 

model, a direct path from spatial ability to science scores was added to the previous 

model. Finally, a model were spatial ability influenced motivation and attitude, and was 

the only direct path to science scores tested.    

The analysis output reported unstandardized and standardized path coefficients.  

Unstandardized path coefficients provide meaningful information as the coefficients are 

in their original metric (Grace & Bollen, 2005).  By standardizing the coefficients the 

standard deviation is introduced into the interpretation.  This raises the question of 

whether or not the standard deviation values or the sample variances can be 

generalized to the larger population.  As standardized coefficients are typically reported 

in research, this study reported both standardized and unstandardized path coefficients 

to aid in comparison across other studies. 
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Results 

 Science TAKS test scores were matched to the spatial ability, attitude (self-

concept), and motivation tests for 276 5th grade students (131 males and 145 females) 

from a suburban north Texas public school district.  The mean science TAKS score was 

90.71% (SD = .099) with a minimum score of 40% and a maximum of 100%, and the 

data had an internal consistency of .721.  Deletion of items would only provide a slight 

increase in the internal consistency (.724); therefore, no items were deleted.   

The mean score for the Shipley-2 Block Pattern test was 14.3 (55%) items 

correct (SD = 4.88), with a minimum score of 5 (19%) items correct and a maximum of 

26 (100%) correct. The mean total SMQ score was 101.8 (SD = 14.6; range 49 - 137), 

with a maximum possible score of 145.  The mean item score for the SMQ was 3.51 

(SD = .50; range 1.69 - 4.72). The mean total TOSRA score was 248.99 (SD = 35.15; 

range 155 - 326), with a maximum possible score of 350.  The mean item score for the 

TOSRA was 3.56 (SD = .50; range 2.21 - 4.66).  Reliability data for each instrument was 

examined using Cronbach’s coefficient alpha and Cronbach’s alpha if item deleted 

obtained from SPSS version 18.  These results can be found in Table 1.  The coefficient 

alphas for the overall scales were acceptable for the three instruments (.838, .861, .951 

respectively). 

For the Shipley-2 Block Pattern Test SHF1 two issues attributed to the low 

coefficient alpha value for this data; only having four items and the lack of variability in 

the responses compared to the remaining items.  These four items are the first and 

easiest items on the instrument.  Students selected the correct missing piece 97.1%, 

96.4%, 98.2%, and 96.0% of the time, respectively for these items.  
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As part of the parceling process factor loadings for each item within an 

instrument were examined and placed in order of magnitude.  Exploratory factor 

analysis using principal axis factoring and Promax rotation did not reveal the same 

published factor structure which could account for some of the poorer functioning items 

for this data in the coefficient alpha calculations; however, a few items still did not 

contribute to the variance explained by the item (cut value = .3).  One item from the 

TOSRA (Adoption of Scientific Attitudes subscale) was removed: “I am unwilling to 

change my ideas when evidence shows that the ideas are poor.”  Five items were 

removed from the SMQ: (a) “If I am having trouble learning the science, I try to figure 

out why” (Self-determination subscale); (b) “I become anxious when it is time to take a 

science test” (test Anxiety subscale); (c) “I use strategies that ensure I learn the science 

well”  (Self-determination subscale); (d) “The science I learn is more important to me 

than the grade I receive” (Intrinsic Motivation subscale); and (e) “It is my fault, if I do not 

understand the science” (Self-determination subscale).  

After parceling, indicators were screened for univariate skewness and kurtosis.  

Two variables, Score and Shipley-2 Block Pattern Test SHF1, had skewness and 

kurtosis values higher than suggested levels.  See Table 2 for results.  

Several models were examined for fit and explanation of variance using MPlus 

version 6.1.  The first model, Model A, examined the influence of motivation and attitude 

on science scores (see Figure 1).  As the science score variable had borderline values 

for skewness and kurtosis in regard to univariate normality, the first model was tested 

once with an estimator assuming multivariate normality, and once with an estimator 

robust to multivariate non-normality.  For normally distributed data the maximum 
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likelihood estimation provides output with conventional standard errors and chi-square 

test statistics (denoted as ML in the data tables).  The robust maximum likelihood 

estimation provided output with standard error and chi-square test statistics that were 

asymptotically equivalent to the Yuan-Bentler T2 statistic (denoted as MLR in the data 

tables).  As item-to-construct balance was used, indicators within an instrument were 

allowed to correlate in the model. Correlation between the motivation and attitude 

indicators was found to be .806.  The same standardized and unstandardized path 

coefficients and R2 values (.056) were obtained with the ML and MLR estimators.  With 

both estimators, the motivation to science to scores path and attitude to science scores 

path were not statistically significant.  The unstandardized path coefficients show a 

single unit increase in the motivation score would result in a 0.004 unit increase in the 

science TAKS score, while a one unit increase in the attitude score would result in a 

0.012 increase in the science TAKS score, when all other respective variables were 

held constant.  Strong model fit with the data was obtained for Model A when both the 

ML and MLR estimators were used, but slightly improved chi-square and RMSEA fit 

indices were obtained with the MLR estimator showing that the skewness and kurtosis 

values for the score variable were indicating multivariate non-normality (see Table 3).   

Because the SHF1 indicator had higher skewness and kurtosis than the score variable 

the MLR estimator was used for the remaining tests. 

In Model B spatial ability was introduced (see Figure 1).  The model represented 

a multiple regression analysis of science scores regressed on spatial ability, motivation, 

and attitude.   The variables of spatial ability, motivation, and attitude were allowed to 

correlate, as well as the indicators within each instrument.  The correlation coefficient 
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between motivation and attitude was .805.  The correlation coefficient between spatial 

ability and motivation was .236 and between spatial ability and attitude was .312.  

Interpreting the unstandardized path coefficients showed a one unit increase in 

motivation score would result in a .004 unit increase in science TAKS scores, a one unit 

increase in attitude score would result in a .001 unit increase in science TAKS scores, 

and a one unit increase in spatial ability would result in a .247 unit increase in science 

TAKS scores when all other variables were held constant.  Only the spatial ability to 

science scores path was statistically significant.  These path coefficients show that the 

motivation and attitude variables add little unique explanation of variance beyond the 

spatial ability variable (see Figure 1).  The model fit the data well, and there was an 

increase in R2 (.231 from .056). See Table 3 for model fit indices.   

Models C, D, and E further examined the various interrelations of spatial ability 

on motivation, attitude, and science scores.  See Figure 2 for diagrams of the models 

and the resulting unstandardized and standardized coefficients.  Table 3 includes a 

comparison of the model fit indices.  In Model C spatial ability was a mediating variable 

on motivation and attitude and did not have a direct path to science scores.  This was 

the only model that had a statistically significant chi-square index, indicating that the 

model did not fit the data well.  The path coefficients for motivation to science scores 

and attitude to science scores were consistently smaller and not statistically significant 

compared to the paths with the spatial ability variable.  However, when the motivation to 

science scores and attitude to science scores paths were removed from the model, a 

reduction in variance explained occurred (from .231 to .220), as seen in the results for 

Model E.  This reduction in variance explained showed that including paths between 
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motivation and science scores, and attitude and science scores did explain a small 

unique amount of variance in the model.  Model B and Model D had the same model fit 

indices and explanation of variance; however, Model D provided more information for 

interpretation because the interrelation between spatial ability, motivation, and attitude 

was modeled.  In Model D the direct path coefficients between motivation, attitude, and 

spatial ability and science scores remained the same as in Model B.  In addition, a one 

unit increase in spatial ability would result in a 2.923 unit increase in motivation when all 

other variables remained constant, and a 2.473 unit increase in attitude would occur 

when all other variables were held constant.  While introducing spatial ability as a 

mediating variable quantified the interrelationship between the variables, mediation was 

not found and spatial ability was still the dominate predictor of science TAKS scores. 

Table 4 provides the factor loadings for Model D and Table 5 provides the estimated 

covariance matrix.   

Discussion 

Understanding student achievement in science is important as there is an 

increasing reliance of the U.S. economy on math-, science-, and technology-related 

fields despite the declining number of youth seeking college degrees and careers in 

math and science (Simpkins et al., 2006).  In some studies motivation and attitude were 

good predictors of science achievement, and in other studies spatial ability was a good 

predictor (Byrnes & Miller, 2007; Glynn & Koballa, 2006; Glynn et al. 2007, 2009; Lau & 

Roeser, 2002; Lubinski, 2000; Pintrich & DeGroot, 1990; Reynolds & Walberg, 1991; 

Shea et al., 2001; Wai et al., 2009; Webb et al., 2007).  As such, the present study 

tested a series of structural equation models combining the predictor variables of 
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motivation to learn science, attitudes towards science, and spatial ability to examine 

their relationship with each other and science achievement.   

Spatial ability was found to be a statistically significant indicator in explaining 

variance in the science TAKS scores for these 5th grade students, while attitude and 

motivation were not.  Science scores regressed on motivation, attitude, and spatial 

ability provided the most explanation of variance (23.1%).  Taking advantage of the 

capability to model interrelations with structural equation models, a test of the 

hypothesis that spatial ability not only influenced science scores, but also influenced 

motivation to learn science and attitudes towards science was conducted.  This model 

fit the data as well as the regression model, but was preferred as it provided additional 

information about the relationship between the variables.   

When spatial ability was introduced as a mediating variable with motivation to 

learn science and attitudes toward science (Model C), spatial ability was not found to 

have a mediating effect.  In fact, the model did not fit the data as the chi-square fit index 

was statistically significant.  Spatial ability was found to have an influence on motivation 

and attitude by having statistically significant path coefficients, but spatial ability was 

found to be the sole statistically significant predictor of science scores for this group of 

students.   

Unlike reading or math, science requires students to take in information from 

visually decoding diagrams, to form mental images of how principles work in an ideal 

situation.  Spatially-able students have an easier time using transformational reasoning 

or mental manipulation to compare what they are seeing to the ideal mental image, 

allowing them to determine what action is needed to solve a problem, make 
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modifications, repairs, or develop a new solution.  As such, it was not surprising that 

spatial ability was found to be a significant predictor of science scores in this study.   

Spatial ability had a statistically significant, positive relationship with the 

motivation and attitude variables; however, motivation and attitude did not have a 

statistically significant relationship with science scores while they provided little unique 

explanation of variance.  Byrnes and Miller (2007) found motivation and attitude to 

explain approximately 25% of the variance in science achievement in high school 

students using achievement test scores and course grades as indicators of knowledge 

and aptitude.  In the present study using younger age students, only 5% of the variance 

in science scores was explained by motivation and attitude when spatial ability was not 

included in the model.  Gottfried (1990) found in a longitudinal study of academic 

intrinsic motivation with 7 – 9 year old students, that IQ and subject matter achievement 

significantly predicted later motivation in the corresponding subject matter.  Likewise, 

the present study found as spatial ability increased, so did motivation and attitude, and 

higher spatial ability predicted higher science scores.  This result suggests as students 

advance in grade level, and the science material becomes more difficult, the earlier 

successes in science and reciprocal increase in motivation lead to the persistence to 

succeed.  This follows the suggestions from some researchers that motivation is more 

related to classroom behaviors in the form of engagement and persistence to mastery, 

which effect students’ grades, but that test scores are less influenced by motivation, and 

more so by cognitive ability, as tests are one-time events over a limited time (Gottfried, 

1990; Lau & Roeser, 2002).   
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As an added factor, students will temper their persistence if their efforts will 

exceed the perceived value in the end result.  Tolerable–effort along with sex-type of job 

and prestige create the zone of acceptable alternatives as described by Gottfredson’s 

(1981, 2005) theory of circumscription and compromise.  Boundaries are formed around 

the acceptable occupations choices; thereby, eliminating choices long before students 

in the middle school age-range realize they are making vocational decisions.  

Furthermore, once occupations have been ruled out it is rare that they are reconsidered.  

Gottfredson recommends varied types of learning experiences so students can find their 

strengths and recognize the choices they are eliminating.     

Inconsistent responses and low internal consistency in the subscales of 

Normality of Scientists, Adoption of Scientific Attitudes, and Self-Determination provided 

evidence of gaps in the learning experiences for these 5th grade students.   Science 

curriculum tends to be the delivered by the teacher as a series of facts and some 

demonstrations of principles.  Schools need to make an effort to bring science to life.  

By the end of their 5th grade year, students already need to be exposed to a variety of 

STEM field professionals through career days, class projects and field trips to view them 

as real people and to learn what they do. Learning about why and how scientific facts 

and principles were discovered, as well as who made the discoveries, will add to their 

depth of knowledge.  Personal relevance of the subject needs to be established so 

students understand the need to learn, master, and value science.    

In two studies, students found the experiments to be boring as they already knew 

how they would turn out because they were overly simplified (Archer, Dewitt, Osborne, 

Dillon, Willis, & Wong, 2010; Yang, 2010). These students preferred to be challenged, 
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to make discoveries, and to find their own solutions, rather than be given all of the 

answers. Participating in demonstrations does not allow students to develop and test 

their own hypotheses.  Teachers tend to over simply or provide too much guidance 

during experiments in an effort to ensure class safety and to meet class time 

constraints.   Additional training may be needed to show teachers how to set up and 

manage inquiry-based labs and to overcome their fear of losing control of the class as 

the students pursue varied solutions.  Inquiry-based learning would increase student 

engagement and curiosity about science, as they develop a sense of the scientific 

process, while using the facts they have been taught and critical thinking to solve 

problems.  Conducted in a collaborative setting students would also learn to work in 

teams.     

In Archer et al., 10-11 year old students recognized that some students were 

naturally “science people.”  While these 10-11 year olds enjoyed science and the 

thinking that it required, they could not visualize themselves as scientists.  They did not 

want to socially appear as “geeks,” so they would try to balance their achievements with 

some other conventional interest or activity.  Sex-type roles were already present as the 

boys commented that “fashion and science don’t mix” in reference to girls pursuing 

science careers.  This provides additional evidence for earlier career education and 

expanded experiences so students can see the variety of opportunities and diversity of 

people in STEM-fields.   

While researchers have recommended studying how younger students begin 

their self-selection into fields of study and careers, the predictors of motivation and 

attitude, which have been sufficient with high school and college students, are not as 
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predictive in the science context with this age group.  However, this age-range is critical 

as interests and competencies are being discovered.  As children mature and discover 

these at different chronological ages, attempts to measure representative quantities of 

motivation and attitude at a single point in time are tenuous at best.   

All of the strategies discussed here, critical thinking, personal relevance, 

collaborative learning, positive role models, and “hands-on” activities, would benefit all 

students.  Students would be more apt to remain curious, engaged, and to see the 

worth of science.  The social stigma of being good at science and sex-type roles would 

be addressed, and verbal and math abilities would not be seen as the predominate 

skills valued in school.  By improving school engagement, students would increase their 

interests, motivation and attitudes, which would aid in their persistence and desire to 

master later science courses as science gains importance for high school graduation 

and college admission.  These modifications may be essential to reversing the trend of 

declining science scores as students advance in grade level.   

  While researchers (Lubinski, 2000; Singh et al., 2002) called for further studies 

on interests and vocational decision making of younger students, the present study 

found motivation and attitude variables to be irrelevant to the prediction of science 

achievement at 5th grade.  Possible explanations were provided and other researchers 

(Byrnes & Miller, 2007, Lau & Roeser, 2002) did find them to be pertinent predictors, 

leading to the conjecture that maturity and development change these variables.  

Possible modifications to science curriculum at grade 5 were also discussed, which 

should not be detrimental to science achievement, but could increase science course 

popularity and enjoyment.  Additional modifications in further science courses could 
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potentially increase the pool of advanced STEM students, with students whom are not 

highly-spatial, but have been encouraged and developed the motivation and persistence 

to pursue the field.      

The main point to take away from the present study is spatial ability, as a 

component of general intelligence, was the only predictor of science achievement in 

these 5th graders. Likewise, modifications to science curriculum could be beneficial in 

keeping these students engaged in school and on-track to pursue post-secondary 

educational opportunities for careers where they are very suited.  Spatial ability can 

easily be measured at 11 years of age.  With early identification and guidance, spatially-

able students could be shown the value of their ability and have their skills nurtured as 

one possible way to increase the potential pool of STEM workers.  

Conclusions 

As previous researchers have found with older age subjects (Lubinski, 2000; 

Shea et al., 2001; Wai et al., 2009; Webb et al., 2007), the present study found that 

spatial ability was a statistically significant predictor of science achievement for 11-year 

old male and female students at the end of their 5th grade school year.  This result 

provides further evidence that spatial ability is a salient psychological characteristic 

related to science achievement. 

Implications for improvements to science curriculum were also found as the data 

showed internal consistency problems in some of the subscales. Inquiry-based learning 

in science could be introduced at an earlier grade level, as well as, career days and 

nonfiction reading about scientists not just science facts and information.  As suggested 

by Humphreys et al., changes to K-12 curriculum to include more “hands-on” activities 
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that draw on spatial ability could increase student engagement in school and pursuit of 

STEM-related studies and careers.  These activities would not only increase the 

engagement and motivation of students with high spatial ability, but would inform the 

personal relevance of science for all students.     

Gottfredson (2005) speaks of the need for varied experiences to define of one’s 

social space, while Bandura (1993) also theorizes about the influence of personal 

experiences on self-efficacy beliefs.  Self-efficacy informs self-concept, interests, and 

motivation.  If students do not receive exposure to the many facets of STEM-related 

courses and careers, they are less likely to consider them, further propagating the 

shortage of U.S. born students entering STEM majors and careers.  The present study’s 

results are significant as the spatial ability of students can be identified and nurtured at 

earlier grade levels before students close themselves to the possibilities of careers in 

STEM fields.   

Limitations and Future Work 

Because achievement is a complex issue, Byrnes and Miller (2007) 

recommended including as many variables as possible in order to determine the relative 

importance of the predictors; however, they drew their sample from a dataset of 25,000 

students.  The sample size (n = 276) in the present study could not support a multitude 

of variables in a structural equation model.  Therefore, the focus remained on the 

aspects that could be influenced at the school level not parent’s education or socio-

economic status.  Future work using a larger sample of students within and outside of 

Texas, in different grades, and the use of a national science assessment would 
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increase the generalizability of the present findings and allow for the use of more 

variables.   

A larger sample would also provide increased power for a more thorough 

examination of the relationships of attitude and motivation.  Other researchers found 

that motivation and attitude were predictors of science achievement in older students 

(Byrnes & Miller, 2007; Glynn & Koballa, 2006; Glynn et al. 2007, 2009; Lau & Roeser, 

2002; Pintrich & DeGroot, 1990; Reynolds & Walberg, 1991).  A broader sample would 

allow further investigation into the structure of science curriculum, social pressures and 

beliefs, which could have an impact on the student responses to the motivation and 

attitude instruments.  The present study could be used as a baseline for a longitudinal 

study to determine when, or if, the motivation and attitude predictors become 

statistically significant in the presence of a spatial ability variable. That knowledge could 

influence science curriculum development and career guidance to increase the number 

of students pursuing STEM fields of study and careers.  A longitudinal study examining 

attitude (self-concept) and motivation may also address the reported decline in science 

achievement as students advance in grade level.   
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Table 1 

Cronbach’s Coefficient Alpha for Total Instruments and Subscales 

Instrument and Subscales 
Number of 

Items 
Coefficient 

Alpha 

Number of Items 
Needed to be 

Deleted for 
Improvement in 

Alpha 

Maximum 
Coefficient 

Alpha 

Shipley-2 Block Pattern Test 26 0.838 1 0.839 

   SHF1 4 0.416 1 0.500 

   SHF2 10 0.771 0 0.771 

   SHF4 12 0.730 0 0.730 

TOSRA 70 0.951 0 0.951 

   Social Implications 10 0.816 0 0.816 

   Normality of Scientists 10 0.530 3 0.616 

   Attitude toward Scientific Inquiry 10 0.805 1 0.806 

   Adoption Scientific  Attitude 10 0.595 2 0.693 

   Enjoyment of Science Lessons 10 0.919 0 0.919 

   Leisure Interest in Science 10 0.881 0 0.881 

   Career Interest in Science 10 0.885 0 0.885 

SMQ 29 0.861 8 0.892 

   Intrinsic Motivation 5 0.683 2 0.720 

   Extrinsic Motivation 4 0.531 2 0.788 

   Personal Relevance 5 0.786 0 0.786 

   Self-Determination 5 0.362 2 0.576 

   Self-Efficacy 5 0.758 0 0.758 

   Science Test Anxiety 5 0.651 2 0.712 
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Table 2 

Skewness and Kurtosis for Each Variable 

 Skewness Kurtosis 

Score -2.305 7.119 

Shipley-2 SHF1 -3.520 11.808 

Shipley-2 SHF2 -0.213 -0.989 

Shipley-2 SHF4 0.879 0.374 

SMQ factor 1 -0.342 -0.156 

SMQ factor 2 -0.097 -0.233 

SMQ factor 3 -0.005 -0.177 

SMQ factor 4 -0.373 -0.153 

SMQ factor 5 -0.898 1.431 

TOSRA factor 1 -0.24 -0.324 

TOSRA factor 2 -0.142 -0.401 

TOSRA factor 3 -0.448 0.192 

TOSRA factor 4 -0.272 0.071 

TOSRA factor 5 -0.344 -0.315 
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Table 3 

Model Fit Indices for Models A - E 

 Model A  Model B  Model C  Model D  Model E 

 ML estimator MLR estimator  MLR estimator  MLR estimator  MLR estimator  MLR estimator 

Chi-Square (df) 37.775 (28) 36.018 (28)  72.028 (56)  101.124 (57)  72.028 (56)  72.028 (56) 

df/Chi-Square 1.35 1.29  1.28  1.77  1.29  1.29 

p value 0.1027 0.1421  0.0733  0.0003  0.0733  0.0733 

Scaling correction factor na 1.049  1.033  1.047  1.033  1.033 

RMSEA 0.036 0.032  0.032  0.053  0.032  0.032 

CFI 0.966 0.996  0.993  0.980  0.993  0.993 

TLI 0.992 0.992  0.988  0.969  0.988  0.988 

SRMR 0.023 0.023  0.034  0.047  0.034  0.034 

R
2
 0.056 0.056  0.231  0.058  0.231  0.220 
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Table 4 

Model D: Factor Loadings, Regression Coefficients, and R2 values 

 
Unstandardized 

Model 
 

Standardized 
Model 

  

Variable Factor Loadings  Factor Loadings  R2 

Spatial BY      

Shipley-2 SHF1 1.000  0.426  0.182 

Shipley-2 SHF2 10.715  0.740  0.547 

Shipley-2 SHF4 9.444  0.618  0.382 

      

Motivation BY      

SMQ factor 1 1.000  0.672  0.452 

SMQ factor 2 1.106  0.671  0.450 

SMQ factor 3 0.905  0.629  0.395 

SMQ factor 4 1.412  0.879  0.772 

SMQ factor 5 0.902  0.816  0.666 

      

Attitude BY      

TOSRA factor 1 1.000  0.905  0.820 

TOSRA factor 2 0.989  0.905  0.819 

TOSRA factor 3 0.960  0.902  0.814 

TOSRA factor 4 1.021  0.917  0.841 

TOSRA factor 5 1.035  0.892  0.796 

      

 
Regression 

Coefficient (p value) 
 

Regression 
Coefficient (p value) 

 R2 

Motivation ON Spatial 2.923 (0.047)  .236 (0.002)  0.056 

Attitude ON Spatial 2.473 (0.002)  .312 (0.000)  0.098 

Science TAKS Score ON     0.231 

Spatial 0.247 (0.000)  0.441 (0.001)   

Motivation 0.004 (0.449)  0.096 (0.490)   

Attitude 0.001 (0.903)  0.017 (0.903)   
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Table 5 

Estimated Covariance Matrix for the Latent Variables for Model D 

 Spatial  Motivation  Attitude  Score 

Spatial 0.032       

Motivation 0.092  4.825     

Attitude 0.078  2.487  1.977   

Score 0.008  0.047  0.033  0.010 
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Model A 

 

Model B 

 

Figure 1. Model diagrams, regression coefficients, and correlation coefficients for 
Models A & B.  Unstandardized coefficients are shown on top, standardized are shown 
on bottom for each path. 
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Model C 

 

Model D 

 

Model E 

 

Figure 2.  Model diagrams, regression coefficients, and correlations coefficients for 
Models D – E. Unstandardized coefficients are shown on top, standardized are shown 
on bottom for each path.  
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General Ability 

McGrew (2009) wrote, “Since the beginning of time humans have searched for 

means to describe, order, measure and classify our perceptions and experiences, 

including observed similarities and differences between and among individuals and 

groups” (p. 1).  Carroll (1993) compared his three-stratum theory to theorists such as 

Thurstone, Guilford, Vernon, Cattell-Horn-Hakistian, and others.  Carroll’s three stratum 

model is hierarchical in nature, with narrow abilities in Stratum I, the most general 

ability, g, in Stratum III, and broad abilities (e.g., verbal, quantitative, and spatial) in 

Stratum II.  He emphasized each of the individual factors, regardless of stratum, are to 

be real phenomena of cognitive performances interpreted by theory construction that 

has a testable hypothesis which will be evident by the loading of the factor on a higher 

stratum.  Carroll describes his theory as an explicit theory as it seeks to “account for 

observed covariation in the total range of cognitive performances” (p. 654). 

Spearman, Thurstone, Vernon, Cattell-Horn-Hakistain, and Carroll each 

supported variations of a hierarchical model, while Guillford’s model is represented by a 

cube.  The three stratum theory is an extension of Spearman’s two-factor theory, with 

the major difference being the addition of the second stratum containing broad abilities, 

and is related to Thurstone’s primary mental abilities model as it is built on successive 

layers of factorization to higher orders (Carroll, 1993).  Compared to Carroll’s model the 

mid-level in Vernon’s model contained only two factors: v:ed, verbal/educational and 

k:m, spatial/mechanical.  The Cattell-Horn-Hakistian model is best known for defining 

fluid and crystallized intelligence (Hakstian & Cattell, 1978).   Guillford’s model was not 
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similar to Carroll’s in that it contained facets in a 5 x 4 x 6 dimensional cube, with each 

cell representing various operation, content, and product abilities (Carroll, 1993).   

Decades of research influenced the three stratum hierarchical model of Carroll 

(1993), none more so than that of Cattell and Horn (McGrew, 2009).  McGrew 

maintained the similarities of the Carroll and Cattell-Horn models were so strong that 

researchers such as McGrew, Daniel, and Sternberg and Kaufman began to reference 

the two models together.   

Daniel (1997) lists Carroll’s (1993) three stratum and Horn-Cattell Gf-Gc (1978) 

models with their remarkable similarities as major advances in modeling the structure of 

psychometric abilities.  He attributes the unusual strength of Carroll’s model to the 

decades of factor analyses conducted by independent researchers being synthesized 

together (Daniel, 1997).  Daniel also wrote, “Never before has a psychometric-ability 

model been so firmly grounded in data” (p. 1043).  As such the model provides a frame 

of reference for test analysis and interpretation; therefore, establishing an “invaluable 

tool for construct validity of scores” (p. 1043).  

Sternberg and Kaufman (1998) describe the Carroll and Horn models as two of 

the major new theories introduced since 1993.  In their brief discussion they state 

Carroll’s theory will represent these new developments, thereby, melding the two 

theories.  Further evidence of this joining of theories is made when the terms of fluid 

and crystallized abilities, coined by Horn and Cattell, are employed to describe abilities 

in Carroll’s second stratum.  Sternberg and Kaufman write, “Although Carroll does not 

break much new ground, in that many of the abilities in his model have been mentioned 
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in other theories, he does masterfully integrate a large and diverse factor-analytic 

literature, thereby giving great authority to his model” (p. 488). 

Emerging from this trend was the overarching term of the Cattell-Horn-Carroll 

hierarchical model of cognitive abilities. While the two models contained striking 

similarities, there were four primary differences between the two models that were 

melded together: (a) Carroll included a general intelligence factor, g, in Stratum III; (b) 

Cattell-Horn included a quantitative knowledge domain in Stratum II; (c) Cattell-Horn 

included reading and writing as separate Stratum II abilities; and (d) short-term memory 

and long-term storage and retrieval were combined in one ability in the Carroll model 

(McGrew, 2009). 

Spatial Ability 

According to Thurstone (1938), it is “customary to group psychological tests in 

three large categories, namely, verbal, numerical, and spatial” (p. 83).  Verbal, 

quantitative, and spatial reasoning each have psychological meaning beyond the 

general ability factor, g (Lubinski, 2000).  This review will focus on spatial ability and 

how it relates to the STEM domain.   

Lohman (1996) states that spatial ability is not a unitary construct as it may be 

defined as the ability to generate, retain, retrieve and transform visual images.  Factor 

analyses show that spatial tests are good measures of g and suggest the overlap is due 

to the heavy demands spatial processing places on working memory (Lohman, 1996).  

According to Kyllonen, Lohman, and Snow (1984) how individuals perform these tasks 

is difficult to assess as individuals use different strategies and often shift to analytic, 

non-spatial strategies as the item difficulty increases; consequently, this may explain 
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why high analytic reasoning tests tend to be highly correlated with complex spatial 

ability tests. 

High levels of spatial ability have been linked to creativity in the arts, as well as 

science and mathematics (Lohman, 1996).  Lohman (1996) said individuals who excel 

in this ability are more likely to spontaneously create these models when thinking, 

especially when verbal fluency abilities are relatively low, and these individuals are 

more introverted.  Several well-known physicists, inventors and generalists, such as 

Albert Einstein, James Watt, Benjamin Franklin, and Francis Galton, all of whom 

possessed high spatial ability, have reported that through visualization they gained 

insights into their most creative works (Lohman, 1996).   

In their 11-year longitudinal study Wai et al. (2009) found spatial ability to be a 

salient psychological characteristic common among adolescents who went on to 

achieve advanced educational degrees and occupational credentials in STEM.  They 

also concluded that spatial ability was of increasing importance as more advanced 

STEM-related educational levels were sought (Wai et al., 2009).  While their study 

included gifted individuals, they also expressed how spatial ability plays a critical role in 

structuring education and occupational outcomes for the general population (Wai et al., 

2009).  Finally, they criticized contemporary talent searches for not including spatial 

ability criteria as this restriction would miss additional individuals who would succeed in 

STEM careers if their talent had been nurtured (Lubinski, 2010; Wai et al., 2009). 

Webb et al. (2007) called for further research into interventions and curriculum 

refinement to address the educational needs of the spatially-talented student.  As typical 

middle school and high school curricula are geared towards mathematical and verbal 
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ability, spatially-talented students felt less comfortable and reported being less 

motivated to study, enjoyed assignments less and paid less attention in class (Webb et 

al., 2007; Shea, Lubinski, & Benbow, 2001).  Because spatially-able students prefer to 

learn by reasoning with forms and shapes and “hands-on” activities, they typically self-

select or are directed toward vocational courses.  Their talents are applicable to 

succeeding in S&E, but they are in jeopardy of underachieving academically, leading to 

employment below their potential (Humphreys, Lubinksi, & Yao, 1993; Webb et al, 

2007) 

Ramadas (2009) stated, “visual and spatial thinking is an integral part of doing 

and learning science” (p. 301).  Unlike the arts and to a lesser degree in design and 

technology, images in science education need text and other formalisms to fully convey 

the concept.  Images in science use a great deal of conceptual, abstract and 

mathematical content.  Problem-solving situations may draw on a combination of 

specific knowledge, abstract rules, image manipulation, and mathematical analysis 

which collectively can be called “transformational reasoning.”  Through a series of 

mental image transformations knowledge is extended from what is being seen, to what 

is known or learned to form generalizations.  Experts have a rich amount of related 

subject knowledge encoded, while the novice has more superficial knowledge.  Central 

to learning science is the ability to add complexity through a process of continual 

transformations. 

Gender Differences in Spatial Ability  

In a meta-analysis of spatial ability conducted by Linn and Petersen (1985)  the 

studies were categorized into three groups based on the type of test used: spatial 
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perception, mental rotation and spatial visualization. Spatial perception requires the 

subject to use a gravitational/ kinesthetic process to determine spatial orientation with 

respect to their own bodies given distracting information. Mental rotation involved 

Gestalt-like analogue processes. Tasks requiring a multi-step, analytic process were 

placed in the spatial visualization category. They found that spatial perception and 

mental rotation tasks were easier for males than females, with only a slight tendency for 

males to outperform females on spatial visualization tasks. The confidence interval for 

the effect size was .04 to .84 for spatial perception (all ages), .50 to .96 for mental 

rotation (all ages) and -.24 to .50 for spatial visualization (all ages). The difference found 

for mental rotation tasks was primarily due to speed of rotation not to accuracy, which 

they suggested may be due to caution in the form of double-checking responses. They 

also noted that the difference on spatial visualization may be minimized by the individual 

selecting their optimal strategy for the task (Linn & Petersen, 1985). 

As illustrated above, spatial ability is not a unitary concept and much of the 

debate is attributed to the type of test used (Halpern, 1986). Halpern (1986) states that 

it is not the effect size of sex-related differences that is compelling, but that when found, 

the difference almost always favors males.  
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APPENDIX B 

DETAILED METHODOLOGY
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Latent Variable Regression with Structural Equation Modeling 

While multiple regression is a popular method for estimating the relationship of 

independent variables to an outcome variable, when correlated independent variables 

are present severe difficulties, called multicollinearity, are created when using ordinary 

least squares calculations (Pedhazur, 1997).   Because multiple indicators of the same 

construct increase reliability, having correlated variables is common.  Multicollinearity 

can cause large standard errors and lower power by producing vectors that are 

extremely close or even fall on the same line.  This leads to misleading regression 

coefficient estimates which can fluctuate with slight data changes caused by sampling 

or measurement error.  Highly correlated predictors also create difficulty interpreting 

which variables are adding to the explanation of variance.  Lastly, the regression 

analysis will establish relationships between the dependent variable and specific 

manifest variables or items.  

One solution would be to group the correlated items together to form a new 

unobserved or latent variable.  Bollen (2002) describes latent variables as unmeasured 

variables, factors, unobserved variables, constructs, true scores, or hypothetical 

variables that are not present in the data set.  The researcher must decide if the latent 

variable will be defined through exploratory factor analysis or by theory, if they are 

continuous, categorical, or a hybrid, assign a scale, and if they are causal indictors or 

effect indicators.  These latent variables represent a more generalized theme than 

manifest or measured variables.  Regressing on the factors does not solve the problem 

as the newly formed independent variables, having some amount of measurement 

error, are a function of the original data; thereby, creating biased estimates (Wall & Li, 
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2003).  However, when latent variables are used in regression, a relationship between 

the dependent variable and indicator variables or constructs is found rather than a 

relationship to a specific manifest variable or item.  This enhances the generalizability of 

the study. 

   One way to overcome these problems is using structural equation modeling 

(SEM) to perform the latent variable regression, as it also tests for fit of the 

hypothesized variable relationships and accounts for measurement error (Reynolds & 

Walberg, 1991; Wall & Li, 2003).  SEM also allows the researcher to test hypothesized 

interrelations between the variables while regression treats each independent variable 

equally.  Because latent variables represent a construct or theme the relationship is 

established between the dependent variable and a construct, not a specific item or 

manifest variable, making the results more generalizable.   

Structural equation modeling is not without difficulties.  Indeterminacy, the 

possibility that the data fits more than one model, is a concern for the researcher.  

Three conditions can resolve indeterminancy; the sample size goes to infinity, the 

number of observed variables goes to infinity, and the squared multiple correlations go 

to one.  Anderson and Gerbing (1988) report sample sizes of 150 or more are typically 

needed for convergence of full-information estimation methods and to obtain standard 

error measurements of practical use.  They also reference other studies that claim a 

sample size of 400 to 500 is needed.  Increasing the number of observed variables to 

infinity is not practical; however, multiple indicators will increase the reliability and 

validity of unobserved variables (Reynolds & Walberg, 1991; Schumaker & Lomax, 

2004).  Debate continues as to the acceptable number of indicator variables per latent 
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variable.  Marsh and Hau (2007) support a ratio of at least 3:1 of indicators to latent 

variables, but advocate the “more is better” approach, especially when both loading 

factors and sample size are modest.   

Parceling 

How many variables are enough or too many?  A just-identified model can be 

established using parceling which reduces the number of items.  Little, Cunningham, 

Shahar, and Widamin (2002) define a parcel as an “aggregate-level indicator comprised 

of the sum (or average) of two or more items, responses, or behaviors” (p. 152).  

Parceling can be misused if applied to a set of items measuring different constructs or 

having systematic error as then the error becomes part of the latent variable.  In these 

cases, parceling can mask misspecification and may increase the Type II error rate.  

Ultimately, the purpose of the model will dictate the use of parceling.  If the relationship 

of the items is the purpose of the model, do not parcel the items, but if the relationship 

among constructs is the primary interest, then parceling is warranted. 

Once the dimensionality of the items is determined and the researcher is 

interested in the construct relationships, the items can be parceled by random 

assignment without replacement to parcel groups, item-to-construct balance, a priori 

questionnaire construction, or a multidimensionality approach (Little et al., 2002).  The 

item-to-construct approach requires ordering the items by loadings, taking, for example, 

the first three as the first item in each parcel; the next three highest loading items would 

then be added to the parcel groups in reverse order, alternating the order until all of the 

items are assigned.  The a priori approach places a positively worded questionnaire 

item with a reverse coded negatively worded item.  This reduces bias due to the item 
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wording; however, care must be taken that the item responses follow the expected 

pattern.  The multidimensionality approach covers two methods; the items on each 

subscale would form a parcel, or items from each subscale would be assigned to item 

sets creating parcels that reflected all of the factors.  

Models 

The measurement model can be used to determine the validity and reliability of 

the scores (Anderson & Gerbing, 1988).  As measurement models with all parameters 

estimated usually do not provide acceptable fit, respecifications are considered within 

the context of the study.  Anderson and Gerbing recommend testing a series of nested 

models with increasing constraints to determine the best fit by using a technique they 

called Sequential Chi-Square Difference tests.  However, they caution the chi-square 

statistic is sample size dependent, so an additional index of fit, such as the normed fit 

index, should be interpreted to maintain practical significance.   

Model fit 

Various fit statistics can be utilized to assess model fit.  Chi-square (2), a 

statistical test of significance for testing the theoretical model, compares the obtained 2 

value with a tabled value for a given number of degrees of freedom.  A 2 value of zero 

indicates there is no difference between the sample covariance matrix and the 

reproduced implied matrix, a perfect fit (Schumacker & Lomax, 2004).  The 2 statistic is 

highly sensitive to sample size.  For large sample sizes, the 2 statistic will be 

statistically significant based solely on sample size. Some researchers examine the chi-

square/df (2/df) ratio with a value below three considered acceptable (Hampton, 2005). 
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The root-mean-square error of approximation (RMSEA) is a fit index which 

adjusts for model complexity.  An RMSEA of zero suggests that the model fit is perfect.  

An RMSEA of 0.05 or less denotes good fit, above 0.05 and below 0.08 denotes 

acceptable fit, and a value above 0.08 denotes poor fit (McDonald & Ho, 2002).  Other 

popular indices include the Comparative Fit Index (CFI) and Tucker-Lewis index (TLI), 

also known as the Non Normed Fit Index (NNFI). These reflect acceptable model fit if 

the value is greater than 0.9 and are sensitive to models with misspecified factor 

loadings (Hu & Bentler, 1999).  The Standardized Root Mean Squared Residual 

(SRMR) is the most sensitive index to misspecified latent structure with the desired 

value range being less than 0.06 (Hu & Bentler, 1999).  The Akaike Information 

Criterion (AIC) and Bayesian Information Criterion are both model fit indices that are 

using when comparing nested models using the same data set (Kenny, 2010).  Both of 

the AIC and BIC indices utilize the number of variables and degrees of freedom from 

the model, and better fit is found with the smaller value, but the absolute value it not to 

be used. 

While parameter estimates and model fit are usually the primary interests when 

using structural equation modeling, the observed individual data matched to the 

predicted individual data can be obtained; consequently, allowing an examination of the 

utility of the predictor latent variables (Wall & Li, 2003). 

Moderating and Mediating Variables 

 An advantage of using structural equation modeling is the ability to test the 

interrelations of variables.  Moderating and mediating variables have traditionally been 

used in social sciences (Baron & Kenny, 1986).  A moderating variable influences when 
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an effect will occur, while a mediating variable adds explanation as to how or why an 

effect occurs.   

 A moderating variable can be qualitative (e.g. sex or ethnicity) or quantitative 

(e.g. level of commitment).  It effects the direction or strength of the relationship 

between the independent and dependent variable.  For the sake of interpretation, it 

would be desirable for the moderating variable to be uncorrelated with the dependent 

variable.  The relationship between two variables changes as a function of the 

moderating variable.  Baron and Kenny (1986) discuss four cases for testing the 

moderating effect depending on the level of scale (categorical or continuous) of the 

variables. 

 A mediating variable accounts for the relationship between the independent and 

dependent variables.  Three conditions define if a variable is functioning as a mediator: 

(a) variations in the independent variable significantly account for variations in the 

hypothesized mediator variable; (b) variations in the mediator variable account for 

significant variations in the dependent variable; and (c) when the independent variable-

mediator path and the mediator-dependent variable path are controlled relationship 

between the independent and dependent variables is no longer significant (Baron & 

Kenny, 1986).  Consequently, three regression equations are needed to test and 

determine mediation.  Because the independent variable will need to be correlated with 

the mediating variable in order to have an effect, multicollinearity will reduce the power 

of that regression equation.  Baron and Kenny (1986) recommend examining the 

statistical significance of the regression coefficients and the absolute magnitudes in 

these equations as it is possible to obtain a small, statistically significant coefficient 
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when the independent variable alone predicts the outcome and a larger, not statistically 

significant coefficient when the mediating variable is included.    

Sobel (as cited in Baron & Kenny, 1986) developed an equation to approximate a 

significance test for the indirect effect of a mediating variable; however, the formula 

assumes multivariate normality, no measurement error in the mediating variable and the 

dependent variable does not cause the mediating variable.  In social sciences it is 

unlikely that the mediating variable will not include measurement error and multivariate 

normality can be a strong assumption.  These assumptions tend to overestimate the 

contribution of the independent variable in accounting for the dependent variable.  To 

reduce the measurement error; thereby, increasing the reliability, multiple indicators or 

operations of a construct are used, which leads to using structural equation modeling 

rather than multiple regression as the relationships between the variables can be 

directly tested, measurement error, even correlated measurement error, and feedback 

can be included in the model.    

Parameter Invariance  

Structural equation modeling can also be used to test parameter invariance.  

When an instrument exhibits parameter invariance a researcher can use the instrument 

with different groups, on multiple occasions and obtain comparable results (Bontempo & 

Hofer, 2007).  Often this is assumed, but not formally evaluated.   

A series of models are tested from least restrictive to most restrictive. 

1. Intercepts, factor loadings, and residual variances free across groups; factor 

means fixed at zero in all groups  (denoted as Model A) 
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2. Factor loadings constrained to be equal across groups; intercepts and 

residual variances free; factor means fixed at zero in all groups (denoted as 

Model B) 

3. Intercepts and factor loadings constrained to be equal across groups; residual 

variances free; factor means zero in one group and free in the others 

(denoted as Model C) 

4. Intercepts, factor loadings, and residual variances constrained to be equal 

across groups; factor means fixed at zero in one group and free in the others 

(denoted as Model D) 

Four categories of measurement equivalence were discussed: configural, metric, 

scalar and strict.  Some literature uses the naming convention of weak, strong, strict 

and structural invariances.  In configural invariance the same indicators have non-zero 

loadings.  Metric invariance relates to the loading profile while scalar invariance has the 

same item intercepts.  Strict invariance relates to specific factor variances.  Model fit is 

tested at each step as constraints are added and the change in fit indices are examined 

until model fit is no longer acceptable. 
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APPENDIX C 

ADDITIONAL RESULTS



62 
 

 
Differences in Mean Scores across Spatial Ability 

As the spatial ability indicator was the only indicator that was consistently 

statistically significant, further examination of group differences across spatial ability 

was conducted.  The sample size did not warrant the use of structural equation models; 

therefore, one-way ANOVA was used to provide a preliminary determination if students 

with high spatial ability scored differently on the 5th grade science TAKS test and if there 

was a statistically significant difference in Shipley-2 Block Pattern Test raw scores 

between the high spatial ability males and females.   

As the students were given more time than stated in the Shipley-2 manual to 

complete the tasks, the standardized conversion tables were not used to define high 

spatial ability.  In the present study, high spatial ability was defined as those students 

having a total number of items correct greater than or equal to one standard deviation 

above the group mean (19 or more out of 26 items).  If the test had been administered 

in 10 minutes instead of 20 minutes the standard score conversion table shows a block 

pattern raw score of 19 equal to the 98 percentile for 11 year old subjects.  Of the 220 

students that answered every Shipley-2 Block Pattern Test item, 42 students had raw 

scores of 19 or higher (19%) of which 23 were male (mean = 22.4, SD = 2.48) and 19 

were female (mean = 20.95, SD = 1.51).  When sex by spatial ability category was 

examined the data did not meet of the homogeneity of variance criteria; therefore, the F 

statistic was not evaluated for this data.  However, the 95% confidence intervals 

suggest that there is a statistically significant difference between the raw scores for 

these two groups (males [21.54, 23.32], females [20.34, 21.56].  The mean TAKS score 

for the group with spatial ability greater than or equal to +1 SD was 96.4%, SD = .04 
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while the remainder of the students’ average TAKS score was 88.6%, SD = .11.  The 

Levene’s homogeneity of variance test was violated for the ANOVA test comparing the 

mean TAKS scores across spatial ability; therefore, the Welch F-ratio was reported, F 

(1, 191.043) = 57.048, p < .000, showing a statistically significant result. 

For all of the motivation and attitude subscales the students in the higher spatial 

ability category had a higher mean response reflecting more of the trait, except for test 

anxiety, and had lower standard deviations.  Fewer higher spatial ability students 

skipped items than the remaining students; however, when viewing the missing 

response data as a percentage of the group all but two subscales had a smaller 

percentage missing.  Examination of the raw score ranges showed that the higher 

spatial ability group had larger minimums in all cases but one where they were equal 

and the magnitude of the range was smaller in all cases but one where they were equal 

(see Table C.1).  A one-way ANOVA was used to determine if the mean differences 

were statistically significant. Table C.2 shows the resulting F statistics assuming equal 

and unequal group variance.  Note that the subscales meeting the Levene’s 

homogeneity of variance test and showing statistically significant results also had data 

that obtained the higher coefficient alpha values.  Four subscales did not have 

statistically significant difference in means for the groups assuming equal or unequal 

group variance: Extrinsic motivation, Self-determination, Social Implications, and 

Normality of Scientists.   This suggests that both groups had similar attitudes, 

motivations, or experiences.  The differences in mean responses were .1, .1, .2 and .1, 

respectively, in the sometimes/not sure to usually/agree range.   
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As a group the students with higher spatial ability had statistically significantly 

higher mean science TAKS scores than the remaining students.  Within the higher 

spatially-able student group there was a difference in mean scores between males and 

females.  After examining the subscale scores a difference in responses was found for 

the more spatially-able students compared to the remaining students.   

Joyce and Farenga (2000) studied girls 9-13 years of age using the TOSRA and 

science course selection.  There was no statistically significant difference in the number 

of science courses selection between the high-ability girls and the average-ability girls.   

The Normality of Scientists, Enjoyment of Science Lessons, and Leisure Interests in 

Science were statistically significant predictors of the number of science courses 

selected explaining 43% of the variance for the high ability girls.  For average-ability 

girls the Enjoyment of Science Lessons was the only statistically significant predictor of 

science course selection explaining 17% of the variance.   

This invites future work with larger sample sizes in order to more thoroughly 

examine group differences using structural equation modeling so that theory-based 

models can be tested.  Structural equation modeling would also allow the imputation of 

missing data and the examination of interrelations among the predictor variables.  

Model Differences across Sex 

The hypothesis that spatial ability influenced motivation and attitude, with spatial 

ability, motivation, and attitude predicting science achievement was tested and found to 

explain 23.1% of the variance in science TAKS scores with 276 students from a 

suburban north Texas public school district at the end of their 5th grade year (131 males, 

145 females, average age = 11.39 years).  The ethnic make-up of these students is as 
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follows: 2.9% Asian, 12.7% African American, 26.4% Hispanic, and 73.6% White.  

Additionally, 15.9% of these students were Economically Disadvantaged, 4% were 

Special Education students, and 9.4% were identified as Gifted and Talented students.  

Spatial ability was measured using the Shipley 2 Block Pattern test.  Motivation was 

measured with the Science Motivation Questionnaire (SMQ), and attitude was 

measured with the Test of Science Related Attitude (TOSRA).  Item-to-construct 

balance was used to parcel the data from the SMQ and TOSRA to reduce the number 

of indicators in the model.  Three indicators for spatial ability were formed by grouping 

the items with 1missing block, 2 missing blocks, and 4 missing blocks together.  Using 

the data collected from these students, a series of models, least restrictive to most 

restrictive, were tested to look for differences across sex for these students.   

Strict factorial invariance was found, meaning that the model fit indices did not 

become unacceptable until the residual variances were constrained to be equal for 

males and females (see Table C.3).  Good model fit was obtained for this data, with the 

intercepts and factor loadings equal in both groups, factor means = 0 in one group, and 

free in the other group.  This also provides evidence that any differences in the results 

would be due to the groups, and not to the way the instruments were functioning with 

the groups.  

Consistently, for each model tested, the regression coefficients, their statistical 

significance status, and the R2 values were different between males and females (see 

Table C.4).  In each case, the spatial ability to science scores path remained statistically 

significant, as it did in the model when the males and females were combined.  For the 

remainder of this discussion Model D will be excluded as the model did not fit the data. 
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When comparing Models B and C using the unstandardized regression coefficients for 

the females, all of the paths involving the spatial ability variable were statistically 

significant, as they were in the combined sex model; however, the score-motivation path 

was as well, with a small regression coefficient (0.020), and 23.4 % and 23.5%, 

respectively, of the variance in score scores being explained.  For the males, examining 

Models B and C with the unstandardized coefficients, only the spatial-scores and 

attitude-spatial paths were statistically significant explaining 27.3% and 27.1%, 

respectively, of the variance in science scores.  This is a considerable departure from 

the combined male-female model and the female only model, saying that spatial ability 

only influenced attitude, and not motivation in males.  While the additional path from 

motivation to science scores was statistically significant for females, a one unit increase 

in motivation would produce only a 0.02 unit increase in science scores.  Perhaps this 

shows that motivation becomes a discernible variable earlier in females than males as 

other researchers found motivation to be a predictor of science achievement in studies 

using high school and college students (Byrnes & Miller, 2007; Glynn & Koballa, 2006; 

Glynn et al. 2007, 2009; Lau & Roeser, 2002).      

Another difference found between the female and males results was while the 

paths were not statistically significant, for the males the regression coefficient for 

scores-motivation path was always negative, and for females the regression coefficient 

for the scores-attitude path was always negative.  The absolute magnitudes of these 

coefficients were much smaller than the magnitude of the spatial ability variable 

showing they would still not provide much explanation of variance. When the data from 

the males and females were combined, all of the regression coefficients were positive. 
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A third observation about the differences in the models was as the models 

became more restrictive (Model A to Model C) the variances explained for the males 

decreased (32.4% - 27.1%; 5.3% change), while the variance explained for the females 

from Model A to Model C increased (20.5% - 23.5%; 3% change). 

In conclusion, strict factorial parameter invariance was found with this model 

providing confidence that the differences found in the results were from the groups and 

not from variations in the way the instruments functioned with each group.  The amount 

of variance explained was different between males and females, with males having 

higher amounts.  Additionally, the magnitude, direction, and statistical significance of the 

regression coefficients were different between the groups.   

In future work, a larger sample size would provide a more in depth examination 

of differences across sex and other demographic variables, such as ethnicity or socio-

economic status.  While strict factorial invariance was found in this sample, differences 

in statistically significant paths and variance explained was found. A larger sample 

would provide more power to gain insight into gender differences as the additional path 

of motivation to science scores was statistically significant for females but not for males, 

and the path between motivation and spatial ability was not statistically significant for 

males.  A larger sample size would also allow more variables to be used, which could 

provide a more detailed examination of components within motivation and attitude.  A 

longitudinal study would also provide trend data for motivation and attitude variables as 

studies using high school and college students found motivation and attitude to be 

statistically significant predictors.  Additional understanding gained about predictor 
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variables and sex differences could help fine tune programs to increase the pool of 

potential STEM workers for the future.  
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Table C.1 

Motivation and Attitude Subscale Mean Raw Scores and Mean Responses across Spatial Ability 

  Spatial Ability < +1 SD from Group Mean   Spatial Ability >= +1 SD from Group Mean  

Instrument & Subscale 
Mean Raw 
Score (SD) 

Mean 
Response  

Raw 
Score 
Range 

Number of 
Students 
skipping 

items 

  

Mean Raw 
Score (SD) 

Raw 
Score 
Range 

Mean 
Response 

Number 
of 

Students 
skipping 

items 

Stat. 
Sig. 

Diff. in 
Mean 
Raw 

Score 

SMQ           

Intrinsic Motivation 17.93 (3.93) 3.6 5 - 25 3 (1.7%)  19.67 (2.58) 12 - 23 3.9 0 (0.0%) Y 

Extrinsic Motivation 13.99 (2.99) 3.5 4 - 20 3 (1.7%)  14.59 (2.46) 10 - 20 3.6 1 (2.4%) N 

Personal Relevance 14.63 (3.85) 2.9 5 - 25 9 (5.1%)  15.90 ( 3.07) 9 - 23 3.2 0 (0.0%) Y 

Self-determination 17.35 (3.05) 3.5 7 - 24 7 (3.9%)  18.05 (2.80) 12 - 23 3.6 0 (0.0%) N 

Self-Efficacy 19.94 (3.57) 4.0 6 - 25 2 (1.1%)  21.83 (2.90) 15 - 25 4.4 0 (0.0%) Y 

Test Anxiety 16.48 (4.46) 3.3 5 - 25 13 (7.3%)  17.80 (3.51) 10 - 25 3.6 1 (2.4%) Y 

TOSRA           

Social Implications 35.98 (5.96) 3.6 17 - 49 9 (5.1%)  37.80 (5.36) 22 - 47 3.8 1 (2.4%) N 

Normality of Scientists 33.15 (4.02) 3.3 22 - 45 9 (5.1%)  34.24 (4.04) 28 - 45 3.4 0 (0.0%) N 

Scientific Inquiry 39.64 (6.54) 4.0 22 - 50 4 (2.2%)  41.81 (5.22) 29 - 50 4.2 0 (0.0%) Y 

Adopt Sci. Attitude 36.17 (5.13) 3.6 23 - 47 8 (4.5%)  38.79 (3.94) 30 - 48 3.9 0 (0.0%) Y 

Joy in Learning Science 38.82 (8.22) 3.9 14 - 53 8 (4.5%)  41.86 (5.50) 24 - 50 4.2 0 (0.0%) Y 

Leisure Interest 30.48 (8.62) 3.0 10 - 49 7 (3.9%)  35.24 (7.58) 20 - 50 3.5 4 (9.5%) Y 

Career Interest 32.28 (8.41) 3.2 15 - 50 17 (9.6%)  35.86 (7.49) 15 - 50 3.6 0 (0.0%) Y 

 
Note. SMQ choices: 1 = never, 2 = rarely, 3 = sometimes, 4 = usually, 5 = always, Maximum raw score (Extrinsic = 20, other SMQ subscales = 
25); TOSRA choices: 1 = strongly disagree, 2 = disagree, 3 = not sure, 4 = agree, 5 = strongly agree, Maximum raw score/subscale = 50; 
Compared students with Shipley-2 Block Pattern raw scores of 19 or higher (+ 1 SD above mean) to those with raw scores of less than 19; higher 
means represent higher amounts of the trait; Statistical significance determined using assumptions of equal and unequal variance, α = .05 
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Table C.2 

One-way ANOVA Comparing Means of Subscales Across Spatial Ability 

Subscale 
Homogeneity 
of Variance 

Statistic 

Met 
Levene's 

Test 
F (df1, df2) p value 

Stat. 
Sig. 

eta
2
 

SMQ       

Intrinsic Levene N 7.392 (1, 215) 0.007 na 0.033 

 Welch  12.182  (1, 92.643) 0.001 Y  

Extrinsic Levene Y 1.405  (1, 214) 0.237 N  

 Welch  1.792 (1, 70.645) 0.185 N  

Personal Relevance Levene Y 3.952  (1, 214) 0.048 Y 0.019 

 Welch  5.188 (1, 76.556) 0.026 Y  

Self-determination Levene Y 1.823  (1, 211) 0.178 N  

 Welch  2.032 (1, 67.235) 0.159 N  

Self-efficacy Levene Y 10.226 (1, 216) 0.002 Y 0.045 

 Welch  13.157 (1, 73.622) 0.001 Y  

Test Anxiety Levene N 3.110 (1, 204) 0.079 na 0.015 

 Welch  4.141 (1, 75.583) 0.045 Y  

       

TOSRA       

Social Implications Levene Y 3.208  (1,208) 0.075 N  

 Welch  3.645 (1,66.098) 0.061 N  

Normality of Scientists Levene Y 2.440  (1, 209) 0.120 N  

 Welch  2.431 (1, 62.830) 0.124 N  

Scientific Inquiry Levene N 3.993  (1, 214) 0.047 Y 0.018 

 Welch  5.248 (1, 75.366) 0.025 Y  

Adopt Scientific Attitude Levene N 9.527 (1, 210) 0.002 na 0.043 

 Welch  13.039 (1, 79.061) 0.001 Y  

Joy in Learning Science Levene N 5.158 (1, 210) 0.024 na  

 Welch  8.276 (1, 92.134) 0.005 Y 0.024 

Leisure Interest Levene Y 9.865  (1, 207) 0.002 Y 0.045 

 Welch  11.637 (1, 60.296) 0.001 Y  

Career Interest Levene Y 6.289  (1, 201) 0.013 Y 0.030 

 Welch  7.216 (1, 70.524) 0.009 Y  

 

Note.  Compared students with Shipley-2 Block Pattern raw scores of 19 or higher (+1 SD above group 
mean) to those with raw scores of less than 19 

 

  



71 
 

Table C.3 

Fit Indices for Parameter Invariance Testing across Sex 

 χ
2
 df χ

2
/df Δ χ

2
 Δdf RMSEA CFI TLI SRMR AIC BIC 

Model A 137.633 112 1.23   0.041 0.989 0.982 0.049 11536.450 11992.621 

Model B 150.424 122 1.23 12.791 10 0.041 0.988 0.982 0.067 11532.159 11952.126 

Model C 174.606 132 1.32 24.182 10 0.048 0.982 0.975 0.073 11535.611 11919.373 

Model D 838.470 158 5.31 663.864 26 0.177 0.713 0.670 0.428 12198.773 12488.405 

            
Note.  Model A = factor loading, intercepts, and variance free across groups with both group means = 0; Model B = factor loadings constrained to 
be equal across groups; intercepts and residual variances free; factor means fixed at 0; Model C = factor loadings and intercepts constrained to be 
equal across groups; residual variances free; factor means in group 1 set 0, and free in the others; Model D = factor loadings, intercepts, and 
residual variances constrained to be equal across groups; factor means set at 0 in group 1, and free in others; Δχ

2
 is the difference in values 

between models; Δdf is the difference in number of degrees of freedom between models; χ
2
/df = chi square/degrees of freedom ratio; RMSEA = 

Root Mean Square Error of Approximation; CFI = Comparative Fit Index; TLI = Tucker Lewis Index; SRMR = Standardized Root Mean Residual; 
AIC = Akaike Information Criterion; BIC = Bayesian Information Criterion; p < .05 for all models. 
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Table C.4 

Comparison of Regression Coefficients across Models and Sex 

 Males 
n = 131 

Females 
n = 145 

 
Unstandardized 

Coefficients 
(p value) 

Standardized 
Coefficients 

(p value) 

Unstandardized 
Coefficients 

(p value) 

Standardized 
Coefficients 

(p value) 

Model A     

Motivation on spatial 1.784 (0.607) 0.171 (0.513) 2.786 (0.073) 0.176 (0.083) 

Attitude on spatial 1.950 (0.188) 0.317 (0.012) 2.738 (0.016) 0.254 (0.014) 

Score on motivation -0.002 (0.888) -0.040 (0.889) 0.021 (0.040) 0.423 (0.032) 

Score on attitude 0.012 (0.489) 0.176 (0.498) -0.020 (0.175) -0.269 (0.149) 

Score on spatial 0.209 (0.004) 0.503 (0.020) 0.293 (0.010) 0.369 (0.007) 

R
2
 0.324 0.205 

     

Model B     

Motivation on spatial 3.078 (0.263) 0.232 (0.096) 2.580 (0.052) 0.209 (0.046) 

Attitude on spatial 2.566 (0.034) 0.305 (0.012) 2.351 (0.013) 0.299 (0.001) 

Score on motivation -0.006 (0.390) -0.149 (0.400) 0.020 (0.048) 0.422 (0.031) 

Score on attitude 0.018 (0.194) 0.276 (0.198) -0.022 (0.148) -0.295 (0.120) 

Score on spatial 0.244 (0.018) 0.442 (0.066) 0.246 (0.013) 0.416 (0.001) 

R
2
 0.273 0.234 

     

Model C     

Motivation on spatial 3.078 (0.263) 0.231 (0.096) 2.589 (0.051) 0.209 (0.046) 

Attitude on spatial 2.576 (0.033) 0.306 (0.012) 2.350 (0.013) 0.298 (0.002) 

Score on motivation -0.006 (0.388) -0.148 (0.398) 0.020 (0.045) 0.422 (0.029) 

Score on attitude 0.018 (0.193) 0.277 (0.196) -0.022 (0.144) -0.293 (0.117) 

Score on spatial 0.243 (0.019) 0.439 (0.068) 0.246 (0.014) 0.415 (0.001) 

R
2
 0.271 0.235 

     

Model D     

Motivation on spatial 5.133 (0.014) 0.226 (0.001) 3.174 (0.029) 0.138 (0.017) 

Attitude on spatial 2.447 (0.011) 0.244 (0.002) 2.464 (0.003) 0.244 (0.000) 

Score on motivation -0.001 (0.661) -0.032 (0.633) 0.008 (0.009) 0.251 (0.002) 

Score on attitude 0.016 (0.009) 0.245 (0.007) -0.004 (0.617) -0.046 (0.608) 

Score on spatial 0.184 (0.000) 0.274 (0.000) 0.230 (0.001) 0.301 (0.000) 

R
2
 0.156 0.155 
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