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ABSTRACT

Students’ retention in STEM-related careers is of great concern for educators and
researchers, especially the retention of underrepresented groups such as females,
Hispanics, and Blacks in these careers. Therefore it is important to study factors that
could potentially influence students’ decision to stay in STEM. The work described in
this dissertation involved three research studies where assessments have been used in
college chemistry courses to assess students’ prior content knowledge, chemistry-selfefficacy, and attitude toward science. These three factors have been suggested to have
an influence on students’ performance in a course and could eventually be a retention
factor.
The first research study involved the development and use of an instrument to
measure biochemistry prior knowledge of foundational concepts from chemistry and
biology that are considered important for biochemistry learning. This instrument was
developed with a parallel structure where three items were used to measure a concept
and common incorrect ideas were used as distractors. The specific structure of this
instrument allows the identification of common incorrect ideas that students have when
entering biochemistry and that can hinder students’ learning of biochemistry concepts.
This instrument was given as pre/posttest to students enrolled in introductory
	
  

xi	
  

biochemistry courses. The findings indicated that some incorrect ideas are persistent
even after instruction, as is the case for bond energy and the structure of the alpha helix
concepts. This study highlights the importance of measuring prior conceptual
knowledge; so that instructors can plan interventions to help students overcome their
incorrect ideas.
For the second research study, students’ chemistry self-efficacy was measured
five times during a semester of preparatory college chemistry. Chemistry self-efficacy
beliefs have been linked to students’ achievement, and students with stronger selfefficacy are more likely to try challenging tasks and persist in them, which will help
them to stay in STEM. Using multilevel modeling analysis to examine potential
differences in students’ self-efficacy beliefs by sex and race/ethnicity, it was found that
there were some differences in the trends by race/ethnicity. In particular, we found that
for Hispanic and Black males the trends were negative when compared with White
males. This study highlights the importance of measuring self-efficacy at different time
points in the semester and for instructors to be aware of potential differences in their
students’ confidence when working on a chemistry task.
The third research study involves the use of the Test of Science Related Attitudes
(TOSRA) in an introductory chemistry course. A shortened version of the instrument
that includes three scales, normality of scientists, attitude toward inquiry, and career
interest in science was used. The first purpose of this study was to gather validity
evidence for the internal structure of the instrument with college chemistry students.
Using measurement invariance analysis by sex and race/ethnicity, it was found that the
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internal structure holds by sex, but it did not hold for Blacks in our sample. Further
analysis revealed problems with the normality scales for Blacks. The second purpose
was to examine the relationship between the scales of TOSRA, achievement in
chemistry, and math prior knowledge. Using Structural Equation Modeling (SEM) it
was found that two of the TOSRA scales, attitude toward inquiry and career interest in
science, have a small but significant influence on students’ achievement in chemistry.
This study highlights the importance of examining if the scores apply similarly for
different group of students in a population, since the scores on these assessments could
be used to make decisions that will affect student.
The research studies presented in this work are a step forward with our intention
to understand better the factors that can influence students’ decisions to stay or leave
STEM-related careers. Each study has provided psychometric evidence for the use of
three different assessments in college chemistry courses.

Instructors can use these

assessments in large and small lecture classrooms. Information obtained from these
assessments can then be used to make target interventions to help students learn
and/or be more confident on a given task. Also, it highlights the importance to look at
different group of students, such as the underrepresented groups, since response trends
may be different. Being aware of students’ diverse needs will help us to understand
some of the challenges that student face in the chemistry classroom. Understanding
some of these challenges will help instructors be more prepared for teaching.
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CHAPTER I:
Introduction

The retention problem
Different reports have stressed the importance of a highly-skilled science and
engineering workforce for the economic strength of a country (National Science
Foundation, 2003, 2010; PCAST, 2012). These reports have also addressed the need for
the United States (U.S.) as a nation to increase and improve the Science, Technology,
Engineering, and Mathematics (STEM) education workforce. According to a recent
report from the President’s Council of Advisors on Science and Technology (PCAST)
the “economic projections point to a need for approximately 1 million more STEM
professionals than the U.S. will produce at the current rate over the next decade if the
country is to retain its historical preeminence in science and technology. To meet this
goal, the United States will need to increase the number of students who receive
undergraduate STEM degrees by about 34% annually over current rates” (PCAST,
2012). This statement endorses what other reports have stated, the need to expand the
STEM pipeline in our nation.
In the last decades, we have seen how the STEM pipeline has been narrowing.
According to the PCAST report, fewer than 40% of students who enter college with the
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intention to major in a STEM field complete a STEM degree (PCAST, 2012).
Approximately 35% of the students who declare a major in a STEM-related field switch
out of STEM after their first year of college (Daempfle, 2003). Therefore, the first years
in college and the introductory courses, such as chemistry, that students take are critical
to the retention and recruitment of students in STEM (PCAST, 2012).

Chemistry and retention
Chemistry courses at the college level are at the core of most STEM curricula.
Students are required to complete different introductory chemistry courses before
moving to more advanced courses. Some majors require students to complete
introductory general chemistry; other majors, such as pre-health, require completion of
more advanced courses, such as organic chemistry and biochemistry. However, these
courses can be very challenging for students at all levels (Cousins, 2007; Wood, 1990),
and in many instances, students struggle to succeed. If students struggle in these
introductory courses, many times they will feel that they cannot do chemistry; therefore
some students will lose their interest and their motivation to continue. This situation
will make some of the students to reevaluate their chosen majors and in some cases;
they will need to change to non-STEM majors if they cannot succeed in chemistry
courses.

Retention and URM students
The retention of students in STEM areas, in general, is of great concern for
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educators and researchers; however, when focusing on females and underrepresented
minorities (URMs) in STEM-related fields, such as Hispanics and Blacks, the concern is
even greater (Hurtado, Newman, Tran, & Chang, 2010).

In the last decades, the

representation of females in STEM-related careers has been increasing; still they are
underrepresented when compared with males in STEM positions, especially in upper
levels positions (Hill, Corbett, & St Rose, 2010). The representation of Hispanics and
Blacks of both sexes in STEM and health professions is very low in comparison with
their increase in the U.S. population (Perry, Link, Boelter, & Leukefeld, 2012). The
underrepresentation of these groups is more evident when we compare different
groups in the science workforce. According to the National Center for Science and
Engineering Statistics, less than 10% of science careers are occupied by females from
minority backgrounds, while Whites and males occupy the majority of these careers
(National Science Foundation, 2013). This situation translates into a continued interest
to try to understand factors that could potentially influence student retention in STEMrelated fields, including retention of URMs.

Cognitive and non-cognitive factors
Many factors have been proposed and studied with the aim to understand
students’ decisions to stay or leave STEM-related fields.

Different pedagogical

approaches, including group work strategies, have been used to help students succeed
in chemistry courses. Many different factors have been included in the assessment
strategies used to evaluate those pedagogical approaches. These assessments have
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included factors in both the cognitive and non-cognitive domains in an effort to study
how these factors can influence students’ performance in chemistry and eventually,
students’ retention in STEM-related fields. Important factors in the cognitive domain
have included prior math achievement (Cooper & Pearson, 2012; Scott, 2012; Xu,
Villafane, & Lewis, 2013) and prior conceptual knowledge (Seery, 2009; Wagner, Sasser,
& DiBiase, 2002; Xu et al., 2013).

For both factors, research has found a strong

relationship with achievement in chemistry.

Besides those cognitive factors, non-

cognitive factors such as attitude (Bauer, 2008; Cukrowska, Staskun, & Schoeman, 1999;
Xu et al., 2013; Xu & Lewis, 2011), chemistry self-efficacy (Cook, 2013; Dalgety & Coll,
2006), chemistry perceptions (Reardon, Traverse, Feakes, Gibbs, & Rohde, 2010),
chemistry self-concept (Bauer, 2005), and motivation (Akbas & Kan, 2007; Black & Deci,
2000) have been studied in the chemistry education area as a potential influence on
students’ achievement.

Assessments and measurement
Assessments of these cognitive and non-cognitive factors have been developed
and used in different research studies. However, in order for these assessments to be
used to answer questions about students’ retention in STEM-related fields, we need first
to make sure that these assessments produce valid and reliable scores. These scores will
then be used to make valid and reliable interpretations about students and eventually,
about potential relationships with other variables such as achievement and retention.
These interpretations are often used to make decisions about the pedagogical
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approaches being used in the classroom or even about the curriculum, decisions that
could influence students’ retention in STEM.
Researchers need to evaluate and gather psychometric information about
assessments’ scores when using these assessments in a study. The information gather
about the scores will allow the researchers to determine if the instrument is functioning
as intended and if the interpretation of the scores is valid. According to the Standards
for Educational and Psychological Testing (the Standards, hereafter), psychometric
information can be gathered as evidence for reliability and validity of the instrument’s
scores

(American

Educational

Research

Association,

American

Psychological

Association, National Council on Measurement in Education, 1999).
Reliability indicates the consistency of the instrument’s scores and the methods
used to score the instrument (Arjoon, Xu, & Lewis, 2013; American Educational
Research Association et al., 1999). According to the Standards, two ways to gather
reliability evidence is by gathering evidence on temporal stability, which measures the
consistency of the test-takers performance on different administrations of the same
instrument, and by gathering evidence on internal consistency, which measures how
consistent are the students’ responses to a construct of interest. These constructs of
interest can be psychological traits such as motivation, attitude, and intelligence, which
cannot be directly measured with an instrument; but instead, these constructs are
measured using indicators or items that are represents or characterize the construct of
interest.
Validity refers to the degree to which the instruments’ scores measure the
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construct the instrument is intended to measure. According to the Standards there are
four aspects of evidence that can be gathered to support the validity of an instrument’s
scores. The four aspects are evidence based on test content, response processes, internal
structure, and relationships with other variables (American Educational Research
Association, 1999). Validity evidence based on test content, or content validity, refers to
the instruments’ ability to represent the content domain of interest via its items.
Evidence based on response processes refers to the “underlying cognitive activities that
respondents use to answer a question” (Arjoon et al., 2013), which refers to the way
respondents interpret the items in an instrument. Evidence based on internal structure
is concerned with the degree to which the instruments’ scores for a given construct are
related as expected by theory.

The last piece of evidence is the one based on

relationship with other variables, which is concerned to the relationship between the
construct of interest and other relevant constructs.

Psychometric evidence is an

important part of the development and the use of any instrument. Every time an
instrument is developed and/or used, efforts need to be made to gather reliability and
validity evidence.

Purpose and overview of this work
The work presented here as part of this dissertation involves three research
studies divided into four chapters.
assessments in chemistry courses.

These research studies involve the use of
These assessments measured different factors,

including prior content knowledge, chemistry self-efficacy, and science-related
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attitudes, which could potentially influence students’ retention in STEM-related fields.
Each study presents details of the instrument used for assessment as well as the
rationale for its use in each particular case. Since instruments are being used to make
interpretations about students, different aspects of validity and reliability evidence
were gathered throughout the studies to promote valid interpretations of the scores.
The first research study presents the development and use of an instrument to
measure students’ prior conceptual knowledge in an introductory biochemistry course.
This instrument incorporates seven distinct concepts, five from general chemistry and
two from biology, that have been considered important foundational concepts for
biochemistry. This instrument was developed with a specific structure, in which each
concept is measured by three multiple-choice items, and those items have the same
incorrect ideas as distracters.

This structure allows the researchers to uncover

consistent incorrect ideas about each concept. As part of the development process,
validity evidence based on test content and internal structure along with reliability
evidence based on internal consistency was gathered. This study is presented in two
chapters (Chapter III and IV). Both chapters are published and they are presented as
they appear in their respective journals. The first chapter (Chapter III) presents the
development of the instrument, and it was published in Biochemistry and Molecular
Biology Education as “Development and analysis of an instrument to assess student
understanding of foundational concepts before biochemistry coursework” (Villafañe,
Bailey, Loertscher, Minderhout, & Lewis, 2011). This work has been reproduced with
the permission of John Wiley and Sons Copyright Clearance Center. It can be accessed
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via http://onlinelibrary.wiley.com/doi/10.1002/bmb.20464/pdf. The second chapter
(Chapter IV) presents the use of the instrument as pre/post test in two different
contexts. Students’ most common incorrect ideas for each concept were examined as
well as a comparison between students’ performance in the pre/post test.

It was

published in Chemistry Education Research and Practice as “Uncovering students’
incorrect ideas about foundational concept for biochemistry” (Villafañe, Loertscher,
Minderhout, & Lewis, 2011). This work has been reproduced by permission of the
Royal Society of Chemistry.

The published manuscript can be accessed via

http://pubs.rsc.org/en/content/articlepdf/2011/rp/c1rp90026a.
The second research study presents the examination of students’ chemistry selfefficacy throughout a semester in a college preparatory chemistry course for science
majors. A shortened version of the Chemistry Attitudes and Experience Questionnaire
(Dalgety, Coll, & Jones, 2003) was used to measure students’ chemistry self-efficacy five
times during the semester. These measures were used to explore diverse students’
trends and changes in self-efficacy across the semester. Validity evidence based on
internal structure was gathered to support score interpretation. This study is presented
in Chapter V as it appears in Chemistry Education Research and Practice as “Exploring
diverse students’ trends in chemistry self-efficacy throughout a semester of collegepreparatory chemistry” (Villafañe, Garcia, & Lewis, 2014). It has been reproduced by
permission of the Royal Society of Chemistry.

It can be accessed via

http://pubs.rsc.org/en/content/articlepdf/2014/rp/c3rp00141e.
Lastly, the third research study presents the use of an attitudinal measure in an
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introductory chemistry course. A shortened version of the Test of Science Related
Attitudes (TOSRA) was used for this study (Fraser, 1978). Validity evidence based on
internal structure, including factor analysis and measurement invariance, as well as
relationships with other variables was gathered during the process.

This study is

presented in Chapter VI, “Exploring a measure of science attitude for different groups
of students enrolled in introductory college chemistry.”
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CHAPTER II:
Instruments and Methods

Instruments and participants
The work presented on this dissertation relies on the use of assessments that
were given to students enrolled in college chemistry courses. There are three different
assessments or instruments used in this work, each targeting a different population.
These instruments measure students’ prior knowledge (introductory biochemistry),
chemistry self-efficacy (preparatory college chemistry), and science-related attitudes
(introductory college chemistry), and each was used in a separate research study, which
will be described in detail in subsequent chapters.

Each of the instruments was

administered paper and pencil during regular classroom (lecture) time.
The instrument used for the first research study was developed as part of that
research study, and it measured biochemistry students’ prior conceptual knowledge of
biology and chemistry. This instrument included foundational concepts from general
chemistry and biology that are considered important for biochemistry learning, such as
hydrogen bonding and protein alpha helix structure. This instrument was designed
with a parallel structure where each concept was measured by three multiple-choice
items, and each of those items included common incorrect ideas as distracters. The
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details about the instrument development process, including the concepts and the
evidence gathered for reliability and validity of its scores are presented in chapter III.
This instrument was given as a pre/post test to students enrolled in junior/senior
biochemistry classes nationwide. Specifically, nine classes (566 total students)
participated in fall 2010 and 10 classes (512 total students) in fall 2011 (Loertscher,
Villafañe, Lewis, & Minderhout, 2014). In total, 13 different institutions, including
research universities, masters-granting universities, and four-year colleges, participated
in this study. Students’ responses to pre/post tests were analyzed for each class and a
written report with the results was shared with each instructor; however, only selected
classes were included on the published manuscripts that are included as part of this
work (chapter III and chapter IV). Information of the selected classes are discussed in
detail in those chapters; particularly, chapter IV presents the use of the instrument as
pre/post test, including students’ performance on the tests and on each concept as well
as information about their most common incorrect ideas, for two selected classes.
Appendix A presents supplementary information for chapter IV and Appendix B
presents results from other classes not included on these chapters.
information for the students was not gathered for this study.
available

for

use

upon

request

contacting

Dr.

Demographic

The instrument is

Jennifer

Loertcher,

loertscher@seattleu.edu, Dr. Vicky Minderhout, vicky@seattleu.edu, or Dr. Jennifer
Lewis, jennifer@usf.edu. Information about the use and administration of the
instrument is presented in Appendix C.
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The second study used a shortened version of the Chemistry Attitudes and
Experience Questionnaire developed by Dalgety, Coll and Jones in 2003 (Dalgety et al.,
2003). Students’ responses to five items from this survey were used as a measure of
students’ chemistry self-efficacy. Students were asked to rate how confident they felt
about completing certain chemistry-related tasks such as “Applying a set of chemistry
rules to different elements of the Periodic Table” and “Explaining something that you
learnt in this chemistry course to another person”.

The scale is a five-point scale

between ‘Not confident’ to ‘Totally confident’. This short instrument was given to
students enrolled in a preparatory college chemistry course during Fall 2007 at a large
southeastern public research university.

This course is designed for science major

students who have little or no exposure to secondary school chemistry and/or students
who have a low SATM score (lower than 550) (Heredia, Xu, & Lewis, 2012). The
instrument was given to students five times during the semester; first on the first day of
classes and then the day before each of four course exams. A total of 384 participants
were included in this study. Demographic information is presented in detail on chapter
V. The instrument as it was originally given to students can be found on Garcia (2011),
and the specific items used for this study can be found in Appendix D along with
additional descriptive statistics. Additional analysis including the relationship of
chemistry self-efficacy with achievement is presented in Appendix E.
The third study used a shortened version of the Test of Science Related Attitudes
(TOSRA) developed by Fraser in 1978 (Fraser, 1978). For this study, three scales from
the original instrument were used, normality of scientists, attitude toward inquiry, and
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career interest in science. Each scale consisted of 10 items measured using a 5-point
Likert scale that ranges from strongly disagree to strongly agree. This instrument was
given to students enrolled in introductory college chemistry during Fall 2010 at a large
southeastern public research university during the second week of classes. Students
were asked to rate each statement in a way that best described their feeling about it. A
total of 1492 students completed the TOSRA and participated in this study.
Demographic information about the participants is presented in chapter VI. The
original TOSRA instrument and the administration’s instruction can be found at
http://www.ecu.edu/ncspacegrant/docs/RESTEPdocs/TOSRA_BJF_paper.pdf.
In all cases, students’ responses to each instrument were obtained via machinereadable forms or scantrons, and scanned by the university scanning office.

The

resulting Excel files were screened for patterns and missing data for each study. For the
second and third study to avoid stereotype threat (Steele, 1997), additional information
related to students was obtained from the university registrar’s office. This information
included students’ sex, race/ethnicity, and SAT scores. This information was used for
subsequent analysis performed as part of the studies.

Methods and analyses
Descriptive statistics
Descriptive statistics were obtained for the different variables that were used in
each study.

This type of statistics allows researchers to describe the sample

participating in each study by determining basic features such as mean, which is a
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measure of central tendency, and standard deviation, which is a measure of variability
in the data. In this work, descriptive statistics were used throughout to describe the
different samples and to summarize each of the variables used. In addition to mean
and standard deviation, the normality of the distribution for each continuous variable
was assessed using the skewness and kurtosis values.
Comparing students’ scores
Students’ responses in this work were compared using two statistical analysis, ttests and effect sizes.

Dependent sample t-tests were used as a way to compare

students’ performance in the pretest with their performance in the posttests in study
one, and determine whether there is any statistical difference between the means in the
population. As with any statistical analysis where an inference is being made about the
population, sample size has to be considered. In this case, dependent t-tests were only
performed when the sample size was big enough to have statistical power. For small
samples where there was a lack of statistical power, effect size, Cohen’s d, used to
assess whether the difference in scores in the sample is meaningful or not (Cohen, 1988).
Relationships among variables
Structural Equation Modeling (SEM) is a multivariate data analysis that was
used to some extent in each of the three studies that are encompassed by this
dissertation work. SEM as a data analysis approach allows the researcher to study
complex relationships among variables and to answer questions such as “How do
multiple variables interact with one another?” (Xu et al., 2013). Also, since SEM is
model based, it allows researchers to test possible models based on theory and to
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answer questions such as “Which of several hypothetical models best fit the empirical
data?” (Xu et al., 2013).
This statistical approach has many similarities with multiple regression analysis.
Both methods must specify a model a priori, e.g., which variables are included in the
model, and the included variables are expected to have linear relationship with one
another.

However, there are some advantages when using SEM over regression

analysis. SEM has the advantage of solving a series of multiple regressions
simultaneously, and it gives a set of fit indices that help researchers to evaluate the
model fit and determine which model fits the data better (Raykov & Marcoulides, 2006).
Some of the assumptions required for SEM are examining the univariate and
multivariate normality of the data and checking for outliers in the data. Large sample
size is another requirement for SEM, which can also be a limitation of the technique.
In this work, SEM was used as a statistical approach to gather validity evidence
based on internal structure for each of the instruments used. This type of SEM model is
known as Confirmatory Factor Analysis or CFA. It involves a measurement model to
determine if the constructs or variables and the relationships between the scores on the
items for those constructs are as expected from the proposed model. In other words,
CFA is used to determine if the students’ scores on the items in an instrument reflect the
internal structure design of the instrument. For example, if the instrument is intended
to measure three constructs and each construct is measured by six items, then it is
expected that students’ scores for those items will reflect this structure as proposed in
the model.
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In this work SEM is also used as a ‘full SEM’ model in which, in addition to the
measurement model (relationship of items and constructs in an instrument as described
above), a path model is included. A path model will show the relationship between the
different constructs or variables in the model. This model will provide information on
how much influence one variable exerts on another variable, and it will also help to
determine how much of the variance can be explained by the set of variables in the
model. This SEM model allows the researchers to gather validity evidence regarding
relationships with other variables.
In order to answer the question of which hypothetical model will fit the data
better, SEM relies on a set of fit indices that will indicate whether or not the model is
adequate. In this work, we examined different types of fit indices to assess the fit. The
first type examined are known as absolute fit indices, which assess how well the
proposed model fits the data in comparison to the best possible model. One of those
indices is using the Chi-square (χ2) test of model fit. For a good fit, p-values for the test
should be non significant, although one of the disadvantages of this index is that the χ2
increases with sample size and thus can overestimate the lack of fit between the
proposed model and the data (Brown, 2006).

Another absolute fit index is the

Standardized Root Mean Square Residual (SRMR), for which values of less than .08 has
been suggested as a good fit (Hu & Bentler, 1999). For categorical data, an alternative to
SRMR is the Weighted Root Mean Square Residual (WRMR), for which values of less
than 1.0 suggest a good fit (Brown, 2006). The second type is known as parsimony
indices, which take into consideration the parsimony of the model. A common
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parsimony index is the Root Mean Square Error of Approximation (RMSEA), for which
values of less than .06 have been suggested as a good fit (Hu & Bentler, 1999). The third
type of fit index is the incremental fit index. These indices compare the proposed model
with an uncorrelated model.

The incremental fit index used in this work is the

Comparative Fit Index (CFI), for which values higher than .90 has been suggested for
reasonable fit (Cheng & Chan, 2003; Hu & Bentler, 1999). Reporting those three types of
indices is considered a good SEM practice.
Examining changes
Multilevel Modeling Analysis (MLM) is a multivariate statistical approach used
in this dissertation to examine students’ changes throughout a semester. This approach
is an adaptation of traditional regression models, but it involves a set of linear equations
that are hierarchical in nature. When data is collected from students in different classes,
as is common in educational research, there are class-level characteristics (such as years
of experience of the teacher, or type of instructional approach) that might be important
in producing a particular outcome, in addition to the student-level characteristics that
might be relevant (such as prior knowledge, sex, race/ethnicity, etc.). 	
  Data can also be
collected at different time (observations across time) for the same student, thus
characteristics that are relevant at student-level and at the observations-level (such as
time) are important.	
   	
   In	
   both	
   scenarios,	
   MLM takes both of levels into account
simultaneously when solving the linear equations. MLM has many advantages in
comparison with simple linear regression or other multivariate analysis such as
MANOVA (Osborne, 2000).
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The main advantage that MLM offers is working with observations that are not
independent, such as students in the same classroom or multiple observations for the
same student over time. The models in MLM take into consideration the different
levels of the data, and important variables at each level are included; therefore the
estimates from the model will be less biased than those estimated from standard linear
regressions (Luke, 2004; Raudenbush & Bryk, 2002). Similar to regression analysis, the
interpretation of the changes or effects will be based on the magnitude of the regression
coefficients obtained from the analysis.
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CHAPTER III:
Development and analysis of an instrument to assess student understanding of
foundational concepts prior to biochemistry coursework

This chapter is a published manuscript in Biochemistry and Molecular Biology
Education journal. It has been reproduced with the permission of John Wiley and Sons
Copyright Clearance Center.

The publish manuscript can be accessed via

http://onlinelibrary.wiley.com/doi/10.1002/bmb.20464/pdf.

Introduction
Biochemistry is a difficult subject for most students [1] in part because
biochemistry is full of abstract concepts [2] that are difficult to understand if students
cannot relate them to everyday experiences. Furthermore, the study of biochemistry is
comprised primarily of application of previously learned concepts to new, biological
contexts.

Therefore, in order to be successful, students must be able to make

connections between the new information and their existing knowledge. However,
many students who enter a biochemistry course come with misconceptions or
“incorrect ideas”, which they perpetuate in a biochemical context. The result is that
students struggle to learn biochemistry and likely further solidify their incorrect ideas.
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Incorrect ideas, then, must be identified and addressed during biochemistry instruction.
Therefore, a multiple-choice instrument is being developed based on typical incorrect
ideas students bring from general chemistry and general biology. This instrument can
be used as a pretest and as a posttest. If used in both ways, this instrument can provide
instructors with information about the extent to which teaching strategies help students
to overcome those incorrect ideas identified at the beginning of the course.

Background
Learning and students’ incorrect ideas
Student learning has been a topic of research for science educators, including
chemical educators, for several decades. Researchers have focused on why students
have difficulty learning sciences, including biochemistry [3, 4], biology [5], chemistry [6,
7], genetics [8], and physics [9]. Other researchers have focused on examining how
students learn [10-13]. Different theories and models have been developed to examine
how students learn and why students have difficulty learning.
In the last two decades, research in science education has focused on the fact that
student learning is constructed in the mind of the learner [14, 15]. Researchers have
found that students’ prior knowledge has a great influence on their ability to build new
scientific concepts [6, 16-18]. If students have prior knowledge that is incomplete,
poorly understood, or disconnected, they are unlikely to understand the new
information. Therefore, students will have difficulties applying or transferring their
knowledge [15, 19, 20]. In contrast, student’s ability to interpret a concept, apply it to a
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new situation, and transfer it to other disciplines is evidence of true understanding [20,
21]. For example, student’s understanding of the different levels of protein structure
(primary, secondary, tertiary and quaternary structure) and the inter- and
intramolecular forces that stabilize these structures is essential to learning in
biochemistry. Therefore students must understand the fundamentals of intermolecular
forces including recognition of hydrogen bonds to be able to understand this
biochemistry concept.
For our purpose, incorrect ideas will be defined as any student’s conception that
is inconsistent with the accepted scientific definition or understanding of that concept.
The incorrect ideas that form the foundation of this study have been observed by
numerous faculty members while teaching their courses or have been previously
reported in the literature [22-24].
Assessment
Research has shown that some incorrect ideas are stronger than others, and that
sometimes, they are resistant to change [17]. That statement has many implications for
the way science is taught since as described by Garvin-Doxas et al. “…a new concept
cannot be learned until the student is forced to confront the paradoxes, inconsistencies,
and limitations of the mental model that already exists in the student’s mind” [25].
Different teaching strategies have been reported as a way to overcome incorrect ideas,
such as the use of active learning [15, 26] or cooperative learning [27-29], the use of
analogies [2, 4, 30], and the use of computer software [31-33]. However, all these
teaching strategies may fall short if teachers cannot identify which incorrect ideas
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students bring to the course. For that reason, targeted assessments are needed to probe
prior knowledge [3, 34, 35].
Several assessments, also called concept inventories, are available to measure
students’ incorrect ideas and learning in different subjects [36-41]. Concept inventories
have been useful for science teaching. For example, the Force Concept Inventory (FCI)
was published in 1992 [37], and since then, research has demonstrated how instruction
has been improved in physics with its use [40]. This instrument has served as the basis
for other inventories developed for sciences including biology [36, 42], chemistry [39],
genetics [40], and molecular life sciences [38, 41]. These instruments consist of multiplechoice questions that target a specific concept, which has been demonstrated to be
difficult for students. The options in each question are based on previously identified
misconceptions or incorrect ideas [20]. The identification of these incorrect ideas can be
made through interviews [20, 42] and/or based on research literature [40, 42]. These
inventories, besides measuring conceptual understanding of students, can be used to
compare different types of instructional strategies [40].
Although these inventories are focused on identifying students’ incorrect ideas in
science, similar to our goal with this instrument, few of them include both general
chemistry and general biology concepts in one instrument. Some of the items in those
concept inventories have been useful for developing our instrument; however, there is
little available information about the psychometric properties of the items. Without
psychometric information of the items, we do not know how well they are functioning.
In addition, every time an instrument is developed, the psychometric properties and the
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validity of the instrument scores need to be examined regardless if the items are newly
developed or modified from another instrument. For these reasons, we are developing
this instrument that is designed to measure eight different concepts from general
chemistry and biology that are considered pre-requisites for biochemistry. It has been
developed with a specific structure where three multiple-choice questions are used to
measure a single concept. Having three multiple-choice questions for each concept
gives us the opportunity to have replicate trials measuring the same concept. Therefore
any conclusion made of a specific concept will be based on three answers rather than
only one. The instrument’s psychometric properties, such as reliability and validity of
the scores, will be used to examine the structure of the instrument and the extent to
which it is measuring those concepts.
Measurement
In order to assess and draw conclusions about the impact that the instruction has
on students’ incorrect ideas, we need an instrument that produces reliable and valid
scores. Validity and reliability are very important aspects of measurement, and the
quality of our assessment will depend on them [43].
Validity is defined as the degree to which an instrument’s scores measure or
reflect the construct the instrument is designed to measure. Validity is very important
since the inferences we make about the measures will depend on the instrument scores
and how well we are measuring that specific concept [44, 45]. There are different
aspects of validity such as content validity, construct validity, convergent validity,
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criterion-related validity and discriminant validity.

At this stage of instrument

development, it is appropriate to focus on content and construct validity.
Content validity is concerned with the instrument’s ability to include or
represent the content of a particular domain [44-46]. This aspect of validity is very
important in the development of any instrument, and it does not depend on students’
scores. Content validity is determined by experts in the field, and it includes revising
the content of an instrument for clarity, correctness, and relevance and deciding to what
degree the items reflect the content domain.
Construct validity is concerned with how well the item scores for the constructs
or concepts within the instrument are behaving as theory predicts [44-46]. The items in
an instrument should reflect the concepts that are being measured; therefore, the scores
for related items should be correlated. If the scores are not reflecting the concept as
expected, the items should be modified and retested. Factor analysis is one of the most
used techniques to examine construct validity.

It is concerned with the internal

structure of the instrument, since it is based on the relationship between the scores of
items measuring the same concept. In the case of this instrument three items are
measuring the same concept. Factor analysis uses the covariance among those items’
scores to discover a pattern that reflects the relationship between them.
Confirmatory Factor Analysis (CFA) is used when the intended underlying
structure of the items is known. Therefore CFA is used to determine if the number of
concepts and the relationships between the items make sense with what it is expected in
the proposed model [47]. This instrument was designed with a specific structure, three
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items per concept. The proposed model for CFA will distinguish among the different
concepts and the items that are intended to be a measure of them. In order to determine
how well the proposed model fits the data, different types of fit indices are examined.
Absolute fit indices tell us how well the proposed model fits the data, comparing it with
the best possible model. One such index is the Chi Square Test of Model Fit (χ2). This
index is very dependent on the sample size, so as sample size increases, the chance to
observe significant lack of fit between the proposed model and data increases [47].
Therefore, other indices that are insensitive to sample size are taken into account, such
as parsimony indices, which indicate how close the proposed model is to the data. A
parsimony index for categorical data is Weighted Root Mean Square Residual (WRMR),
with values less than 1.0 representing a good fit [47, 48]. Another type of index is the
incremental fit index. This index, different from the others, compares the proposed
model with a completely uncorrelated model. Values close to one indicate a good fit.
One common incremental fit index is the Comparative Fit Index (CFI). Hu & Bentler
(1999) have indicated that CFI values greater than .95 indicate a good fit [49], although
some researchers use .90 [50]. These parameter cut-offs give us an idea on how well the
proposed model fits the data, so for a model to work we are hoping for values close to
or better than those values indicating a good fit.
Reliability is another aspect of measurement that should be studied in order to
determine if the instrument is functioning well. An instrument that is functioning well
is one that yields scores that are consistent, that is, items that are related or measuring
the same concept should produce scores that are correlated. This type of reliability is
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known as internal consistency, and one approach to calculate it is using Cronbach’s
alpha. This coefficient depends on the correlation among items, the number of items
and the variance among item scores.

The higher the correlation among items

measuring the same concept, the higher the value for the alpha. In the same way,
Cronbach’s alpha increases as the number of items increases. In the literature, there are
different cutoff values to determine if the test scores are reliable or not, but it depends
on the test purpose [45]. The most common cutoff reported is .70 [45, 51].
This paper describes the development of a multiple-choice instrument that
captures basic information from prior courses, such as general chemistry and biology.
It is assumed that students have completed these courses or the equivalent prior to
entering biochemistry. The results from an administration of the instrument including
descriptive statistics, reliability, and CFA are also discussed.

Methodology
Context for instrument development
This instrument has been developed as part of the evaluation of a NSF-funded
project, POGIL Biochem: Advancing Active Learning Approaches in Biochemistry. This
project is currently engaged in field-testing a coherent set of Process Oriented Guided
Inquiry Learning (POGIL) activities for undergraduate biochemistry with the aim of
broad dissemination. A set of twenty core collaborators have been involved in different
activities, such as the evaluation and the testing of the materials, as part of the
dissemination of the project. These core collaborators are experienced biochemistry
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faculty from a variety of colleges and universities across the US. They also participated
in a summer workshop in which items for this instrument were written.
Development of the instrument
The development of an instrument that produces valid and reliable scores is an
iterative process that involves several steps as shown in Figure 3.1.

Figure 3.1. Schematic of instrument development process.
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The first step involved investigating content validity of the constructs to be measured in
the instrument. We started with a list of concepts given as declarative statements.
These concepts from general chemistry and general biology are considered pre-requisite
knowledge for biochemistry courses and are aligned with the core collaborators
curricula. Three of the authors, with assistance from a group of five biochemistry
instructors, compiled a list of statements that were chosen based on previous teaching
experience. Additional information about biology concepts was provided by a sixth
biochemist who also teaches general biology. A total of 11 statements were written, six
encompassing chemistry concepts, four from biology, and one pertaining to graphing
skills.

A panel of nine reviewers, which included faculty from eight research

universities across the US, examined the statements.

Two of the reviewers were

biochemists, three of them were chemists, and four were biologists. In order to examine
the validity of the statements, the reviewers were asked to consider three questions for
each statement:

!

Are they factually correct?

!

Are they clear and unambiguous?

!

Are they relevant to biochemistry learning?

Modifications to the statements were performed according to experts’ suggestions.
After modifications of each statement, the authors identified three incorrect ideas
that students could have. For chemistry pre-requisite knowledge, the incorrect ideas
were identified from the literature and from the authors and core collaborators’
teaching experience. For example, students have numerous incorrect ideas related to
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hydrogen bonding as an intermolecular force, specifically the incorrect idea that all
hydrogens are capable of hydrogen bonding. This incorrect idea was also presented in
a study by Tarhan et al. [23]. Another topic that students struggle with is bond energy.
Some of the incorrect ideas are that “bond formation requires energy while bond
breaking releases energy” and that “energy is required in both bond forming and bond
breaking” [22, 24].
The twenty biochemistry core collaborators reviewed the chosen incorrect ideas
as part of the content validity process, suggesting changes based on their own teaching
experiences. The final set of incorrect ideas was used in the second step of instrument
development, which involved item (multiple-choice question) development by core
collaborators at a summer workshop. They worked in pairs and were assigned to write
three multiple-choice questions for each of two concepts, with a specific question
structure describe below in Table 3.1. The resulting pool of multiple-choice questions
contained 85 items.

Table 3.1. Structure for the multiple-choice questions
Structure of multipleExplanation
choice question
Statement is presented
Direct
directly in the question
Statement is presented in
Inverse
Stem
an inverse way
Statement is presented in
Applied
another context or
applied to a situation
One correct answer and
Four answer options
three incorrect ideas
Options
Consistent incorrect ideas Should be the same in
as distracters
each related question
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The last step in the development of the instrument involved choosing the items
to be tested and the revisions of the final items. This step was performed by the
authors. An evaluation of items written for the eleven statements revealed that three of
the statements were too broad; as a result items based on these statements were vague
or contrived. Therefore, the set of eleven statements was narrowed to eight, leaving
items from the most coherent statements as part of the final instrument. Next, from the
pool of remaining multiple-choice questions, a total of 24 questions were chosen as the
final set to be tested. Three items matching each of the three formats described in Table
3.1 were chosen for each of the eight remaining statements. Items were chosen based on
their clarity and adherence to the prescribed format. Four of the authors performed the
final revisions of the items for content and clarity. The resulting instrument contained
24 multiple-choice questions, each with four options involving three common incorrect
ideas as distractors and one correct choice. The definitive set of statements and the
incorrect ideas are shown in Table 3.2. We acknowledge that this set of statements
represents a small portion of important concepts that are pre-requisite for biochemistry,
but in order to have an instrument with a reasonable length, we limited the number of
concepts to eight.
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Table 3.2. Statements and incorrect ideas.
Declarative statement (concepts)
Bond energy: When a chemical bond
forms, energy is released.
Free energy: the free energy change for a
process (ΔG) indicates whether or not a
process is spontaneous at a given
temperature.
London dispersion forces: London
dispersion forces are the only type of noncovalent interaction that can occur
between non-polar molecules.
pH/pKa: Comparing the pH value of an
aqueous solution of substance to the pKa
values of an ionizable group gives
information about the ionization state of
that group.
Hydrogen bonding: A hydrogen bond is
a non-covalent interaction typically
between N, O, or F and a hydrogen atom
bonded to N, O, or F.
Alpha helix: The interior of an alpha
helix contains atoms from the protein
backbone in close contact.

Amino acids: An internal (not terminal)
amino acid in an unmodified peptide has
no more than one fully charged group.

Protein function: Changes in amino acid
sequence of a polypeptide sometimes
change protein function.

	
  

Incorrect ideas
Bond formation requires energy.
Bond formation sometimes requires energy and
sometimes releases energy.
The strength of the bond determines when energy
is released or absorbed when bonds are formed.
The free energy change for a process indicates
whether or not the process releases heat.
Heat is released in all spontaneous processes.
A spontaneous reaction proceeds quickly.
London dispersion forces are only found in nonpolar molecules.
There are no attractions between non-polar
molecules.
A dipole is not involved in the interaction
between non-polar molecules.
At the pH=pKa, the group is totally protonated or
totally deprotonated.
When pH is below pKa species are deprotonated
or when pH is above pKa, species are protonated.
The ionizable groups are unaffected by pH.
All hydrogens are capable of hydrogen bonding.
A covalent bond with a hydrogen in it is a
hydrogen bond.
Any polar molecule can make a hydrogen bond.
The interior of an alpha helix contains the side
chains (R-groups) of the amino acid residues.
The interior of an alpha helix contains water
molecules.
The interior of an alpha helix is empty.
Internal amino acids have at least two charged
groups.
Some internal amino acids have three charged
groups.
Free amino acids have the same overall charge as
peptide internal amino acids.
Changes in amino acid sequence always change
protein function.
Changes in amino acid sequence never change
protein function.
Changes in amino acid sequence only decrease
protein function.
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Like other multiple-choice tests intended to provide rigorous assessment of
student learning over time, the security of this instrument must be maintained so that it
will remain useful and the data meaningful. Wide availability of the test on the internet
would compromise security and make results difficult to interpret. Instructors
interested in using the instrument in their own classrooms may contact the authors
about procedures for accessing and securely administering the test.
Testing and participants
The instrument was administered as a pretest at a research-extensive university
with a focus on undergraduate and graduate education in the Midwestern United States
in Spring 2010. The pretest was part of an introductory biochemistry course that is
required for students majoring in biochemistry, chemistry, and for most biological
sciences majors. The course is also populated with some nutrition and health science,
agronomy, and food science majors.

The course typically comprises 90%

undergraduate students and 10% graduate students.

The majority of the

undergraduates are in their third year of study (75%), with some in their senior year
(25%). The students were given approximately 30 minutes to complete the pretest, and
it was administered at the end of the second day of class. The instructor of the course
explained the purpose and the importance of the pretest for instruction and encouraged
students to complete it to their best ability. The data collected from the instrument is
presented here and used to investigate the validity of the instruments’ scores.
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Analysis of data
A total of 185 sets of data were received from the instrument, but only those with
responses for all items (166) were used in the analysis. These 166 complete sets of data
were coded assigning 0 for the incorrect answers and 1 for the correct answer using SAS
statistical software version 9.2.

Descriptive statistics were obtained and reliability

analyses were performed using SPSS statistical software version 17.
Confirmatory factor analysis (CFA) to estimate how well the proposed model fits
the coded data was performed in Mplus 5.2. It was run on a first-order model (8-factor
solution), where the concepts were set to correlate with each other. Since we are using
categorical data, a Weighted Least Squares – Mean and Variance adjusted (WLSMV)
method estimation that uses the tetrachoric correlation matrix of the measured items
was employed [47, 48].

Results and discussion
Descriptive statistics
Descriptive statistics including mean, standard deviation, skewness and kurtosis
are shown in Table 3.3. The mean obtained was 11.1 points out of 24 possible points
(46%), a low percentage, indicating that students do not have a strong grasp on the
concepts in the test. The distribution of the scores is approximately normal, since its
skewness and kurtosis values are within the range of ± 1, a desirable characteristic for a
good instrument.
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Table 3.3. Descriptive statistics.
Standard
N
Mean
Deviation
166
11.1
3.6

Min

Max

Skewness

Kurtosis

2

19

.07

-.47

Confirmatory Factor Analysis (CFA)
The construct validity for the instrument was investigated using CFA.

By

design, we have three multiple-choice items per concept; therefore, the model was
proposed to have eight concepts or factors: bond energy, free energy, London
dispersion forces, pH/pKa, hydrogen bonding, alpha helix, amino acids, and protein
function.
A CFA was performed to determine how well the data fit the proposed model.
The results from the different fit indices for the eight-factor solution are shown in Table
3.4. As we can see, the χ 2 and the p-value indicate a non-significant difference between
the proposed model and the data, an excellent fit. Values from the other fit indices, as
shown in Table 4, indicate that the values of CFI and WRMR are within the cutoff
values. The results indicate that the model fit is very good for the eight-factor solution,
which is a positive result, considering that the instrument was designed to measure
eight distinct concepts.

Table 3.4. Chi-square (χ 2) test of model fit and fit indices from CFA.
Model
χ2
Df
p-value
CFI
WRMR
1
79.866
67
.1348
.988
.803
To determine how well the items are loading on each factor, the standardized
factor loadings for the items in each factor or concept are analyzed. These standardized
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factor loadings indicate the correlation of each item with the latent variable being
measured by the factor when the variance of the factor is set to one. These loadings,
measured by the pattern coefficients for each concept, are presented on Table 3.5. The
standardized factor loadings for the CFA showed statistically significant loadings for
the majority of the items in the eight concepts.

Table 3.5. Factor loadings (pattern coefficients) for each factor.
Items
3
11
18
8
14
19
6
10
20
4
15
24
1
12
23
7
16
21
2
5
13
9
17
22

Bond
Energy
.842*
1.084*
.902*

Free
Energy

London
Forces

pH/pKa

Alpha
Helix

Amino
Acids

Protein
Function

.692*
.717*
.896*
.709*
.569*
.756*
.941*
.504*
.534*
.649*
.860*
.222
.966*
.963*
.941*
.682*
.595*
.432*
.501*
.246
.584*

*statistically significant at p < .05

	
  

Hydrogen
Bonding
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Reliability
The reliability of the factors was assessed using Cronbach’s alpha coefficient as a
measure of internal consistency. The coefficients for the eight concepts are shown in
Table 3.6. As shown in the table, three concepts: hydrogen bonding, amino acids, and
protein function, had the lowest coefficients. These results indicate weak correlation
among students’ responses to the items in those concepts.

On the other hand,

Cronbach’s alpha coefficient depends on the number of items, and since each concept
has only three items, that could affect its values [45, 51].

Also, low true variability in

students’ responses, including random guessing, tends to decrease Cronbach’s alpha
values. Perhaps the best way to think of this reliability information is that, even in the
case of the lowest Cronbach’s alpha values, the three items together are still a more
reliable measure than a single item would be.

Table 3.6. Cronbach’s alpha, mean and standard deviation for each concept.
Factor
Cronbach’s alpha
Mean
STD
Bond Energy
.798
.05
.23
Free Energy
.659
.23
.43
London Dispersion
.542
.33
.47
pH/pKa
.503
.13
.33
Hydrogen Bonding
.306
.12
.33
Alpha Helix
.878
.28
.45
Amino Acids
.396
.42
.50
Protein Function
.308
.17
.38

The mean score and the standard deviation for each concept are presented in
Table 3.6. The mean for each concept was calculated based on students’ correct answers
for the three items that are measuring a concept. The range for the mean is from 0 to 1:
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if the mean for a concept is 0, none of the students answered the three items correctly
for that particular concept; if it is 1, all students answered the three items correctly. For
example, as shown in Table 6, free energy concept had a mean of .23, which means that
23% of the students answered all the questions related to that concept correctly. In this
case, the mean ranges from .05 for the bond energy concept to .42 for amino acids.
To understand the distinction between reliability and evidence of understanding,
consider the bond energy concept, which had the lowest mean but good reliability
evidence. The items in the concept are shown in Table 3.7.

Table 3.7. Items in bond energy concept
Items
3. Heat is given off when hydrogen burns in air according to the equation: H2 + O2 →
2H2O.
Which of the following is responsible for the heat? [39]
a. Breaking the bonds in H2 and O2 gives off energy. (60%)
b. Forming bonds to make H2O gives off energy. (16%)
c. Both a) and b) above are responsible for the heat. (12%)
d. Breaking bonds in O2 is responsible for the heat because they are stronger than
bonds in H2. (13%)
11. Which statement about the breaking of a single chemical bond is true?
a. Energy is released. (84%)
b. Energy is absorbed. (6%)
c. Energy is released or absorbed depending on the polarity of the bond being
broken. (2%)
d. Energy is released or absorbed depending on the strength of the bond being
broken. (8%)
18. Which statement is always correct about the energy changes that occur during bond
formation? [52]
a. Depending on the relative electronegativities of the atoms making the bond,
energy may be released or absorbed during bond formation. (10%)
b. During bond formation, energy has to be added and will be restored in the form
of a bond. (77%)
c. Bond formation releases energy to the surroundings. (8%)
d. The strength of the bond determines whether energy is absorbed or released
during bond formation. (6%)
Note: Number in parenthesis indicates the percentage of students that chose that option.
Option in italics indicates the correct answer.
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In this case, the majority of students do not understand the concept, but very few got
one of the questions correct and the others wrong, leading to the high reliability.

Conclusion
A method for the development of an instrument based on typical incorrect ideas
from general chemistry and biology student has when entering biochemistry has been
described. This method includes different measurement aspects to ensure that we are
developing an instrument that will produce valid and reliable scores for our intended
usage with biochemistry students. One aspect was content validity, which includes the
development of the items to be tested.

Another aspect was construct validity as

measured by Confirmatory Factor Analysis (CFA) and reliability as measured by the
internal consistency of the scores using Cronbach’s alpha coefficient.
The instrument tested consists of 24 multiple-choice items representing eight
distinct concepts: bond energy, free energy, London dispersion forces, pH/pKa,
hydrogen bonding, alpha helix, amino acid, and protein function. Each concept is
represented by three items that allows us to draw conclusions based on the pattern of
the students’ answers. Results obtained from a CFA indicated that an eight-factor
solution had an excellent fit since values for the different fit indices, CFI, and WRMR,
are within the established cutoffs values including a non-significant χ2. Cronbach’s
alpha coefficient for each concept was calculated, and the results indicated low values
for three concepts: hydrogen bonding, amino acids, and protein function. Since this
method is an iterative one, the next step for the instrument will be tightening the
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parallel structure of the items within these concepts and re-reviewing its content
validity. Finally, the instrument will be used as a pre/post-test to assess gains in
student understanding of foundational concepts in chemistry and biology over the
course of learning biochemistry in the context of the POGIL Biochem: Advancing Active
Learning Approaches in Biochemistry project. Future work will focus on analysis of
pre/post-test results as well as strategies that instructors can use to address students’
incorrect ideas.
The process of instrument design described here demonstrates that a systematic
plan for instrument construction combined with rigorous, iterative analyses, can
produce an assessment instrument that functions well according to psychometric
standards. Our experience also illustrates the challenges inherent in creation of an
instrument. Reflecting on the process, two keys to our success stand out: 1) creation of
explicit structure to guide writing of multiple-choice questions and 2) help of a
relatively large number of experienced biochemistry instructors in writing instrument
items. Therefore, in addition to generating a useful assessment instrument, we hope
that our method of instrument development will be generalizable and serve as a model
for design of instruments useful to biochemistry educators in the future.
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CHAPTER IV:
Uncovering students’ incorrect ideas about foundational concepts for biochemistry

This chapter is a published manuscript in the Chemistry Education Research and
Practice. It is reproduced by permission of The Royal Society of Chemistry. The paper
can be accessed: http://pubs.rsc.org/en/content/articlepdf/2011/rp/c1rp90026a.
Supplementary information for this chapter can be found in Appendix A, B, and C.

Introduction and background
Biochemistry is a required course for most chemistry, biochemistry, and prehealth majors at diverse colleges and universities across the United States, and learning
biochemistry is a challenge for the majority of the students who take the course.
Biochemistry is typically an interdisciplinary, upper division course that requires the
application of previously learned concepts to new, biological contexts.

Students’

incorrect ideas from previous courses, such as general chemistry and general biology,
could hinder their learning and achievement in biochemistry, since they would be
unable to correctly apply their knowledge to new contexts (Tanner and Allen, 2005;
Minderhout and Loertscher, 2007;Anderson and Schonborn, 2008). For our purposes,
an incorrect idea will be defined as any concept held by a student that is inconsistent
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with the accepted scientific definition or understanding of that concept. Defined in this
way, incorrect ideas brought to biochemistry from prior coursework are likely to
interfere with a student’s ability to construct scientifically correct knowledge in
biochemistry.

Potential difficulties for biochemistry learning arise when students

attempt to reason scientifically about biochemistry on the basis of incorrect ideas that
remain unchallenged (Treagust et al., 1996; Duit, 2003; Chi, 2008). Therefore, in order
for students to build on previously learned concepts and be successful in biochemistry,
students’ incorrect ideas about those concepts should be identified and addressed
during biochemistry instruction.
One way to identify incorrect ideas is using diagnostic assessments. This is well
established for undergraduate general chemistry courses, in which researchers have
used these instruments to identify incorrect ideas (Treagust, 1988; Peterson et al., 1989;
Othman et al., 2008; Schmidt et al., 2009) and to predict general student performance in a
course (Bunce and Hutchinson, 1993; Russell, 1994; Legg et al., 2001; Lewis and Lewis,
2007; Jiang et al., 2010). More recently, a number of diagnostic assessments have been
described for use in measuring student gains in understanding of biological concepts
(Klymkowsky and Garvin-Doxas, 2008; Smith et al., 2008; Shi et al., 2010). Applications
of diagnostic assessments to the interdisciplinary field of biochemistry are limited,
although interest in this area appears to be growing (Anderson and Rogan, 2010). To
our knowledge, the Molecular Life Sciences Concept Inventory (MLS-CI) is the only
instrument currently in use to measure student understanding of biochemistry concepts
(Howitt et al., 2008; Wright and Hamilton, 2008). This instrument is structured around
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ten ‘big ideas’ in biochemistry, which were identified through an international survey
of faculty in the molecular life sciences.
Due perhaps to the fact that biochemistry itself is a comparatively young
discipline,

only

limited

published

research

examines

students’

conceptual

understanding specifically in biochemistry. Grayson and co-workers established a fourlevel framework for identifying conceptual and reasoning difficulties, and applied it to
probe student understanding in biochemistry. They cited several examples of student
incorrect ideas related to important concepts in biochemistry including free energy
changes, equilibrium and metabolic pathways (Grayson et al., 2001). Schönborn and
Anderson developed a model of factors determining students’ ability to interpret
external

representations.

They

validated

the

model

by

examining

student

understanding of antibody-antigen interactions, and suggested that the model may be
useful to investigate student understanding of other important concepts (Schönborn
and Anderson, 2009). Most other studies attempting to investigate student learning in
biochemistry focus on the effects of curricular changes on students’ performance on
midterm exams and/or on students’ perceptions of the course. Given the limited
research on student conceptual understanding in biochemistry, a variety of assessment
tools and approaches will be needed to expand our understanding of student learning,
in order to design teaching approaches that optimize learning in biochemistry. As
described above, diagnostic assessments like the one described herein have historically
been an important tool for probing student conceptual understanding.
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Although the information obtained from existing assessments can be helpful,
most of these instruments are not designed to provide specific insights about students’
understanding of particular concepts required for an upper-division biochemistry
course. It would be expected that use of the MLS-CI will ultimately provide insight into
student understanding of important concepts in biochemistry, although no such data
have been published to date.

However, the concepts assessed by the MLS-CI are

complex and could each contain within them a number of more fundamental incorrect
ideas that students bring from prior coursework, especially general chemistry and
general biology. Therefore, a specific assessment targeting particular concepts essential
for correct understanding of interdisciplinary biochemistry ideas is needed. In response
to this need, we have developed an instrument to identify students’ incorrect ideas
related to prior knowledge required for biochemistry. Such an instrument, especially
when used in an upper division course, will provide information about specific
incorrect ideas related to prerequisite knowledge, thereby enabling faculty to make
targeted changes in their instruction to address these problematic areas. Also, this
instrument can be used as a post-test, near the end of the term, to determine if
instruction helped students to overcome the incorrect ideas identified at the beginning
of the term.
This instrument was developed as part of the evaluation of a NSF-funded
project, POGIL Biochem: Advancing Active Learning Approaches in Biochemistry. The
project is currently engaged in field-testing a coherent set of Process Oriented Guided
Inquiry Learning (POGIL) activities for undergraduate biochemistry with the aim of
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broad dissemination.

Although the curricular material includes more than thirty

activities, seven of the activities – Amino Acids and the Primary Structure of Proteins,
3D Structure of Proteins, Hemoglobin: Protein Structure and Function, Enzyme
Kinetics, Enzyme Inhibition, Lipid Structure and Function, and High Energy
Compounds – were identified by participating biochemistry faculty as addressing core
topics found in most biochemistry courses, regardless of the department offering the
course (Loertscher and Minderhout, 2010). Importantly, all seven core activities focus
on material that is normally fully covered even in a one-semester biochemistry course,
since some of the participating faculty teach courses in this format.

As might be

expected, the core activity topics are recommended by the American Society for
Biochemistry and Molecular Biology as essential to cover in a biochemistry course (Voet
et al., 2003). The core activities naturally also involve several key concepts that students
should know before entering biochemistry, such as bond energy, hydrogen bonding,
and pH/pKa. To ensure that the instrument would be useful for field-testers of the core
activities, these concepts were given high priority for inclusion.

The final set of

concepts in the instrument can be found in the Supplementary Information.
The instrument design and development has been an iterative process to ensure
the validity and reliability of student scores. First, a group of experts from the fields of
biology, biochemistry, and chemistry involved in teaching biochemistry at the college
level assisted with the identification of concepts to be included in the instrument.
Specifically, instructors at several participating institutions who teach both introductory
courses (in either biology or chemistry) and upper-division biochemistry were asked to
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identify concepts taught in the introductory courses that are likely to be important for
learning biochemistry. Using this list, authors of the POGIL biochemistry activities
(Loertscher and Minderhout, 2010), and a small group of experienced biochemistry
faculty familiar with the seven core activities, selected a subset of prerequisite concepts
for these activities. Therefore, the instrument addresses concepts from introductory
coursework that are important for learning biochemistry, but it does not represent a
comprehensive test of prerequisite knowledge for biochemistry. Following the selection
of concepts, experts in biochemistry education identified three common incorrect ideas
for each concept. Some of these incorrect ideas were taken from the literature, while
others were from previous teaching experiences. A description of each concept and its
associated incorrect ideas is presented in the Supplementary Information. The next step
involved the development of a pool of multiple-choice questions (items) with assistance
from over twenty faculty who regularly teach biochemistry. The last step involved
testing the items and analyzing the scores for validity and reliability.

A detailed

description of the development of this instrument has been presented elsewhere
(Villafañe, et al., 2011).
At this stage our instrument consists of twenty-one multiple-choice questions
from seven concepts, five from general chemistry and two from biology. The general
chemistry concepts are bond energy, free energy, London dispersion forces, pH/pKa,
and hydrogen bonding. For biology, the concepts are protein alpha helix structure
(alpha helix hereafter) and the consequence of mutation on protein function (protein
function hereafter). Each concept is measured by three parallel questions that contain
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consistent incorrect ideas as distractors. We believe that having three items with varied
contexts measuring the same concepts will be similar to having triplicate measures of an
analysis; therefore, any conclusion drawn from the answers to these questions will be
based on responses to three items rather than only on one. When students answer in a
consistent but incorrect way, we can be more certain that they think about the concept
incorrectly. The structure of our instrument is distinct from the MLS-CI, in which the
answer choices to all questions are true, false, or don’t know.

Methodology
Testing and participants
The instrument was administered at six different universities and colleges across
the US during the Spring 2010 semester as a pre-test and post-test. For this study the
data from two institutions is presented, since they represent two contexts for teaching
introductory biochemistry that are very different in nature: public research university
versus small liberal arts university, large class versus small class, and biochemistry
department versus biology department. However, each course is required for students
majoring in biochemistry, and for most chemistry and biological sciences majors, at
their respective institutions. In both cases, the students were given the same twentyone multiple-choice items posed in the identical sequence in the pre-test and post-test
with approximately 14 weeks between administrations. These items (three per concept)
represent seven concepts, with a parallel set of distractors across each concept’s set of
items, reflecting three distinct incorrect ideas about the concept. Both groups were
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given approximately 30 minutes to complete this instrument, and both instructors
explained the purpose and the importance of the test for instruction and encouraged
students to complete it to the best of their ability.
Group A. The instrument was administered at a public research-intensive
university with a focus on undergraduate and graduate education in the Midwestern
United States in the context of an introductory biochemistry course taught within a
biochemistry department.

This course typically comprises 90% undergraduate

students, and 10% graduate students, and it has a large student enrollment (100+). The
majority of the undergraduates are in their third year of study (75%), with some in their
fourth and final year (25%). The majority of the graduate students taking the course
would need it as a requisite for their graduate program. The pre-test was administered
at the end of the second day of class and the post-test at the end of the semester before
the final exam was given.
Group B. The instrument was administered at a small liberal arts university with
a focus on undergraduate education in the Southeastern United States in the context of
an introductory biochemistry course taught within a biology department. This course is
typically a small class (<20) comprising undergraduate students in their third or fourth
year of study. The pre-test was administered on the second day of class and the posttest on the last day of classes. A power analysis would recommend at least a sample
size of 44 (Lewis and Lewis, 2005a; Stevens, 2007) to detect the typical difference
between pre and post that we have observed for this instrument. Although Group B
contains fewer than 44 students, inclusion of these data is important because a large
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fraction of faculty teach at institutions of similar size.

According to the Carnegie

Foundation for the Advancement of Teaching, 60% of four-year institutions of higher
education in the United States are classified as very small or small (672-2555 total
students enrolled) (Carnegie Foundation, n.d.). Therefore, a large number of
biochemistry faculty teaching undergraduate courses would see their own experiences
reflected in that of Group B, and our intention is to show these faculty a case similar to
their own.
Faculty at small institutions are arguably in a better position than those at large
research institutions to initiate targeted changes in instruction that could improve
student learning. Specifically, faculty at small institutions are likely to be the sole
teacher of a biochemistry course and therefore are able to make changes in instruction
independently, whereas interdisciplinary courses like biochemistry are often taught by
multiple faculty at large institutions. Furthermore, faculty at small institutions are more
likely than those at large institutions to be in a position to persuade colleagues teaching
general chemistry and biology to make changes in these prerequisite courses based on
data obtained in biochemistry. Indeed, many faculty who teach biochemistry, often also
teach those prerequisite courses. Therefore, Group B serves as an example for this
important subgroup of biochemistry faculty.
Analysis of data
Group A. A total of 185 sets of data were received from the pre-test and 149 from
the post-test. Analyzing each set of data, we found that some students did not have
scores for both tests, and in other cases, students left one or more questions blank. For
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the purpose of this study, only those with responses for all items and data that can be
matched from both tests (125) were used in the analysis.
Group B. A total of 14 sets of data were received from the pre-test and 12 from
the post-test. As described above for Group A, only those with responses for all items
and scores for both tests (11) were used in the analysis. Since this group is small,
statistical significance testing is not likely to add meaning to the data. Therefore, results
from this group will be discussed from a descriptive point of view.
The sets of data for each group were coded assigning 0 for the incorrect answers
and 1 for the correct answer using SAS statistical software version 9.2. Descriptive
statistics and cross tabulation analysis to determine patterns in students’ answers were
performed using SPSS statistical software version 17. For group A, a dependent t-test
was performed using SAS version 9.2 to check for any statistical difference between the
mean scores on the pre-test and the post-test. Also, dependent t-tests were used to
determine if there was any learning gain between the pre-test and the post-test for each
concept.

Results and discussion
Descriptive statistics and validity and reliability studies
Before interpretation of the results, initial data analyses including descriptive
statistics and validity and reliability studies were performed. For interested readers,
more detailed information has been provided in Supplementary Information (Appendix
A). Selected descriptive statistics, including mean and standard deviation, are shown in
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Table 4.1 for the pre-test and post-test for each group. The data were examined for
normality and no problems were found. For group A, the mean obtained for the pretest was 9.1 points out of a possible 21 points (43%), and for the post-test was 12.5 (59%).
For group B, the mean obtained for the pre-test was 11.3 (54%) and for the post-test it
was 13.5 (64%). As expected in both cases, the pre-test showed a lower percentage than
the post-test, indicating that students do not have a strong grasp on the concepts in the
test upon entering biochemistry.
Different aspects of validity were scrutinized, such as content and face validity,
during the instrument development process, and construct validity through students’
scores (Hu and Bentler, 1999; Cheng and Chan, 2003; Brown, 2006). For reliability,
internal consistency was determined using Cronbach’s alpha coefficient (Cortina, 1993;
Murphy and Davidshofer, 2005). For comparison purposes with other instruments or
concept inventories, here we report coefficient alphas for the pre (0.62) and post (0.67)
administrations of the 21-item instrument. Both values are similar to the coefficient
alpha reported for a two-tier instrument of similar length by Othman et al. (2008). More
detailed information about the examination of validity and reliability can be found in
Supplementary Information (Appendix A).
Dependent t-tests
When the means for the pre-test and the post-test are compared, we can see that
for both groups the difference in the means is positive.
To investigate further if this difference is statistically significant in the
population, a dependent t-test was performed on the mean of the difference for group
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A. A learning gain or gain score is a quantitative gain in scores from the pre-test to
post-test. Functionally, calculating the mean of the difference is the same as obtaining
the gain score for each individual student and averaging across all students. Therefore,
we wanted to determine whether the average gain score was significant and positive, in
other words, if individual students tended to do better with these concepts at the end of
the semester than at the beginning. Also, a standardized effect size using Cohen’s d
guidelines was used to think about the magnitude of the average gain score in our
sample, taking into consideration its variability.

The values of 0.20 (small), 0.50

(medium), and 0.80 (large) were used to interpret the magnitude of the effect size
(Cohen, 1988). Results from the dependent t-test for group A and effect sizes for both
groups are shown in Table 4.1.

Table 4.1. Dependent t-test results for total score.
Groups
(N=136)

Test

Mean

SD

df

t
value

p value

Average
gain score

SD of
gain
scores

Group
Pretest
9.1
3.1
124
13.67 <0.0001*
3.5
2.8
A
Posttest 12.5
3.3
Group
Pretest
11.3
3.9
2.3
4.1
B
Posttest 13.5
5.1
*statistically significant (p<.05) ** Cohen’s d: 0.2 small, 0.5 medium, 0.8 large

Effect
Size**
1.2
0.56

As shown in Table 4.1, for group A, the results from the analysis revealed that
the difference between the pre- and the posttest scores is statistically significant (p <
0.05). The effect size is large (1.2) according to the rough guidelines for Cohen’s d.
These results indicate that in general, individual students show obvious gains when the
pre-test and the post-test scores are compared. For group B, the average student gain is
	
  

58	
  

2.3 points, and the effect size can be considered medium (0.56). Determining effect size
for small classes provides a way of looking at the extent of the difference between the
scores for the sample (Lewis and Lewis, 2005b) when there is not sufficient power to
conduct a statistical test.
As discussed above and shown in Table 4.1, the average gain score for these
groups is 3.5 for group A and 2.3 for group B. However, even though these are good
average gains, showing an improvement in students’ performance, we had hoped for a
higher average gain, considering that these concepts are thought of as prerequisites for
biochemistry. At the beginning of the semester, the low mean score obtained for the
pretest is not surprising. However, after a semester of biochemistry instruction, we
desired greater gains in performance on the post-test than those observed because of the
nature of the concepts being assessed. Therefore, to obtain a more nuanced sense of
students’ understanding, we must analyze student performance for each concept rather
than simply focusing on the test as a whole. While other instruments have used a single
question (Mulford and Robinson, 2002) or 2-tier items (Othman et al., 2008) to identify
students’ incorrect ideas in general chemistry, our instrument’s parallel design with
matched distractors across three items allows us to examine consistent response
patterns for incorrect ideas about concepts that are considered prerequisites for
biochemistry.
Percentages of correct answers
As mentioned, our instrument has been designed with a specific structure in
which each concept is measured using three items. An example of the three items used
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to measure the alpha helix concept is shown in Table 4.2. These three items, appearing
on different pages of the complete instrument, were designed specifically to measure
the following declarative statement: “the interior of an alpha helix contains atoms from the
protein backbone in close contact.” Thus, each item seeks to find students’ understanding
about that aspect of alpha helix structure in particular, with respect to incorrect ideas
that are potential alternatives to that statement. As shown in Table 4.2, each set of three
items is parallel in structure with four options, one representing the correct answer and
three representing common incorrect ideas. The common incorrect ideas used for this
concept are (1) the interior of an alpha helix contains the side chains (R-groups) of the
amino acid residues, (2) the interior of an alpha helix contains water molecules, and (3)
the interior of an alpha helix is empty.
The percentages of students for group A who chose each option for the post-test
are presented also in Table 4.2, so the distribution in students’ answers for the three
items can be observed.

As shown in the table, for the three items there are two

dominant answers with the highest percentages, the correct answer and the incorrect
idea, “the interior of an alpha helix contains the side chains (R-groups) of the amino acid
residues.” Further, when one looks at patterns for individual students, there is a group
of students who consistently respond with that incorrect idea across all items, even after
a semester of instruction in biochemistry.

The chance that students would guess

randomly the same wrong answer across three items is very small. In this way, it is
likely that we have identified a fundamental student idea that appears robust and
possibly resistant to change.
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Table 4.2. Items in alpha helix concept with group A post-test distribution
Items
A simple secondary structure of a protein is the alpha helix depicted schematically
below. The central axis of the alpha helix is a vertical line running through the center of
the helix. The interior of the alpha helix along the central axis contains:
a. the side chains (R-groups) of the amino acid residues. (46%)
b. nothing at all associated with the protein or amino acids. (2%)
c. solvent molecules, most likely water. (6%)
d. atoms from the protein backbone in close contact. (46%)
An alpha helix is a well-characterized protein secondary structure. Which statement
about alpha helices is true?
a. The side chains (R-groups) of amino acids forming an alpha helix point inward,
toward the interior of the helix. (42%)
b. Atoms from the protein backbone of an alpha helix are in close contact, filling the interior
of the helix. (47%)
c. The interior of an alpha helix can be filled with water or other small molecules.
(9%)
d. Each alpha helix is unique and each one has a different diameter. (2%)
Below is a diagram of a transmembrane protein with a single alpha helix found in the
cell membrane. Can this helix serve as a transmembrane channel?
a. Yes it can transport small molecules, because the central vertical
axis is completely open. (17%)
b. Yes it can transport small molecules, because the central vertical
axis is filled with water, which can move out of the way. (16%)
c. No it cannot transport small molecules, because the central vertical
axis is filled with amino acid side chains (R-groups). (33%)
d. No it cannot transport small molecules, because the central vertical
axis is filled with tightly packed atoms from the protein backbone. (34%)
Note: Number in parenthesis indicates the percentage of students that chose that option for the
post-test for Group A (N=125). Option in italics indicates the correct answer.

To investigate how students performed on each of the concepts, a crosstabulation analysis was performed to determine the number of students who answered
the three items correctly for each concept. The results from this analysis are shown in
Tables 4.3A and 4.3B for the pretest and the posttest.
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Table 4.3A. Percentages of students choosing the correct answer by concept for group
A (N=125)
Concepts
Correct answer pre-test*
Correct answer post-test*
Bond energy
4%
74%
pH/pKa
12%
30%
Hydrogen bonding
14%
18%
Free energy
25%
42%
London dispersion
33%
38%
Alpha helix
30%
30%
Protein function
21%
22%
*Correct Answer: percentages of students answering all three items correctly

For group A, the percentages of students who answered the three items correctly
in the pre-test and post-test for each of the concept are shown in Table 4.3A. The low
range in the pre-test is not surprising; students were asked to select the best answer,
and some of the choices were fairly subtle since they are based on common incorrect
ideas. However, major gains were made in some concept areas. For example, if we
examined the bond energy concept, only 4% of the students chose the correct answer for
all three items in the pretest while in the posttest 74% of the students chose the correct
answer consistently in the three items. On the other hand, we can see that for the
biology concepts (alpha helix and protein function), there is almost no difference
between the pre-test and post-test.
Table 4.3B. Number of students choosing the correct answer by concept for group B
(N=11)
Concepts
Correct answer pre-test*
Correct answer post-test*
Hydrogen bonding
0
4
Bond energy
2
5
pH/pKa
3
4
Free energy
3
5
London dispersion
6
4
Protein function
1
6
Alpha helix
3
7
*Correct Answer: number of students answering all three items correctly
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For group B, the number of students who answered the three items correctly in
the pre-test and post-test for each of the concept are shown in Table 4.3B. Because these
results are based on a small number of students (N=11), we need to be careful not to
over-interpret the differences observed.

However, an interesting result is for the

London dispersion forces concept, where the number of students answering it correctly
in the post-test is lower than for the pre-test. Reviewing the instructional strategies
used for teaching that concept may shed light on possible misdirections of student
thinking. On the positive side, for hydrogen bonding, alpha helix, and protein function,
the numbers show an improvement after instruction.
These results from the two groups indicate that the students’ learning gains for
the different concepts will depend on the group, the instruction, and/or the instructor,
as expected when working with groups from different contexts. For this reason, it is
very important for course instructors to test their own students at the beginning and at
the end of the course to gain insights on students’ learning gains during instruction,
rather than relying on findings from the literature.
Dependent t-test for each concept
To determine if the difference in the percentages of students’ correct answers is
statistically significant in the population, a dependent t-test was performed by concept
for group A. Results from this analysis are shown in Table 4.4. The average gain score
was statistically significant (p < 0.01) for three of the concepts: bond energy, free energy,
and pH/pKa, as presented in Table 4.4. These results indicate that, for those three
prerequisite concepts, students seem to have a better understanding after being exposed
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to a semester of biochemistry instruction. The greatest improvement for group A was
observed for bond energy, as indicated by the large effect size (1.5).

Table 4.4. Dependent t-test results by concept for group A
Average gain SD of gain
Effect
score
scores
size**
Bond energy
124
16.55
<0.0001*
0.70
0.48
1.5
Free energy
124
3.55
0.0005*
0.18
0.55
0.33
pH/pKa
124
2.91
0.0043*
0.13
0.49
0.27
London dispersion
124
1.10
0.27
0.05
0.49
0.10
Hydrogen bonding
124
0.624
0.53
0.02
0.43
0.05
Alpha helix
124
0
0
0.57
0
Protein function
124
0
0
0.40
0
*statistically significant (p<0.01): Bonferroni correction where p value = 0.05/5 = 0.01
** Cohen’s d: 0.2 small, 0.5 medium, 0.8 large
Concepts

df

t value

p value

Most common incorrect ideas
When we analyze our data, we can determine how many students got the items
associated with a concept consistently correct, as shown in Table 4.3A and 4.3B, and at
the same time, we know how many students could not answer all three of a concept’s
items correctly. Additionally, since there are parallel distractors, if a student
consistently chooses the distractors based on the same incorrect idea across all of the
items associated with a concept, we have more information than simply knowing the
student does not understand the concept correctly. Accordingly, the most common
incorrect ideas chosen (consistently across three items) by the students on the pre-test
were identified using cross-tabulation of the students’ scores and are provided in Table
4.5.
Consistently chosen incorrect ideas can then form the basis for targeted changes
to instruction. Both instructors, although different in many aspects of their class
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atmosphere, utilized active learning as a regular part of their biochemistry courses. In
keeping with the diagnostic nature of the assessment, in-class activities to target specific
incorrect ideas were part of instruction in both cases. For example, for the bond energy
concept the most common incorrect idea was “bond formation requires energy.” This
incorrect idea has been reported previously in the literature (Teichert and Stacy, 2002;
Ozmen et al., 2009). Given the post-test results for both groups, an activity on High
Energy Compounds (Loertscher and Minderhout, 2010), which was designed to allow
students to confront and discuss ideas about the energetics of bond breaking and
forming, appears to have done its job in decreasing the prevalence of this particular
incorrect idea, though there is still room for improvement.

Table 4.5. Most common incorrect ideas.
Concept
Bond energy

Most common incorrect idea
Bond formation requires energy.
The interior of an alpha helix contains the side chains of the
Alpha helix
amino acid residues.
A dipole is not involved in the interaction between nonLondon dispersion
polar molecules.*
Hydrogen bonding
All hydrogens are capable of hydrogen bonding.*
The free energy change for a process indicates whether or
Free energy
not the process releases heat.*
*Seen in group A only, the smaller group B pretest responses were not as consistent.

One interesting, though negative, finding in our study is that for the alpha helix
concept, one of the incorrect ideas, “the interior of an alpha helix contains the side chains of
the amino acid residues” is present in students entering biochemistry courses and it
remains even after instruction. The alpha helix concept is complex, involving
conceptual reasoning as well as visual representation. The persistence of this incorrect
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idea, which has never before been reported in the literature, is problematic for two main
reasons.

First, because of the importance of structure-function relationships in

biochemistry, students having this incorrect understanding of alpha helix structure are
also likely to have incorrect ideas about the function of proteins containing
transmembrane alpha helices. Second, this specific incorrect idea is potentially
indicative of a number of fundamental flaws in students’ ability to think about the
three-dimensional structure of macromolecules, including folding, scale, and
intermolecular interactions. Other incorrect ideas have been posited about protein
structure, folding, and stability that can hinder students’ understanding of the protein
roles in cellular processes (Robic, 2010). Also, different approaches have been suggested
or used to help students develop scientifically accurate ideas about protein structure,
such as the introduction of simple mathematical models (Robic, 2010), hands-on
simulation and exploration of protein structure and protein folding (White, 2006), and
combinations of computer imagery and tactile tools (Bateman et al., 2002; Booth et al.,
2005; Roberts et al., 2005; Harris et al., 2009; Berry and Baker, 2010) as well as a general
theoretical framework in which to consider visual literacy in biochemistry (Schönborn
and Anderson, 2010). However, whether these approaches would correct this incorrect
idea remains unknown, since the assessments reported in the studies suggesting the
approaches did not probe this content specifically. It might be valuable for instructors
using these recommended approaches to consider whether the instrument discussed in
this paper would be helpful in that regard.
In our case, we were hoping that a planned intervention would help students to
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re-examine and correct their ideas about alpha helix structure, but as seen in our results,
the matter was not clarified completely. Specifically, both groups used the same inclass activity that dealt with this concept, 3-D Structure of Proteins (Loertscher and
Minderhout, 2010). This activity was designed to guide students to identify and
describe the forces that stabilize the different levels of the protein structure, and to
understand and explain the thermodynamic factors that direct and stabilize 3D protein
structure. As part of the activity, the students built a physical peptide model, which
was intended to help them visualize the alpha helix structure with R-groups to the
outside. The fact that both groups showed the persistence of this incorrect idea after
instruction with a specific visual activity that was intended to overcome it demonstrates
the importance of assessing student understanding not only at the beginning of the
semester, but also at the end of the course, since we can not assume they have overcome
those incorrect ideas even if we have appropriately targeted instruction. It also raises
questions of persistent incorrect ideas in different contexts, such as those associated
with students’ concepts of atoms and the space they occupy, and/or the need for
multiple external representations specifically called for in Schönborn and Anderson
(2010). Their visual literacy model indicates the great degree to which knowledge
becomes interconnected when visuals are included in question stems and/or mental
models are required to posit answers. Further, they provide practical suggestions for
instructional approaches to build visual literacy that include a minimum of eight skills.
Since each group differs in conceptual learning gains, it is likely that multiple targeted
instructional events are required to fully address such a complex and persistent
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incorrect idea, even in a single course.

Conclusion and implications
This study has shown how a robust assessment can be used to collect data on
student learning, to inform instruction, and to monitor learning gains. In this case, this
pre-biochemistry assessment has been used both to identify incorrect ideas that
students bring to biochemistry from general chemistry and biology, and to investigate
students’ learning gains with respect to these ideas following biochemistry instruction.
Because the concepts in the assessment instrument relate directly to core concepts
taught in biochemistry, instructors of any class size can use this information to make
targeted changes in their instruction to support student learning in these areas. While
other concept inventories in the molecular life sciences exist (Garvin-Doxas and
Klymkowsky, 2008; Howitt et al., 2008; Wright and Hamilton, 2008; Shi et al., 2010) the
structure and content of these inventories differ from this instrument. Specifically, this
instrument was designed to examine potential incorrect ideas expressed with a
consistent set of distractors across three items for each concept. Bao and Redish (2006)
have suggested that a strategy such as this will improve conclusions with regard to
improvement of understanding, or learning gains. They claim that, “quantitative analysis
methods often focus on a binary question of whether a student answers a question correctly or
not”, rather than recognizing that context often determines whether or not students
revert to an alternate conception in some situations, but not in others. As a student
moves from novice to expert in any knowledge category, there will be contexts in which
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their original intuitive conceptions resurface, resulting in incorrect responses. This
assessment instrument attempts to examine this issue, in that students must answer
correctly in three contexts in order for us to claim that learning gains have been
achieved. The other interesting story here is the persistence of incorrect ideas,
particularly those common to both groups even after instruction. These results raise
challenging questions: what does it mean when the students have not gained what is
considered ‘prerequisite knowledge’ by the end of the term? What does it mean for
knowledge to be ‘prerequisite’ for learning biochemistry? Robust data provided by
well-designed diagnostic instruments allow us to imagine critical investigations of
student learning and curricular change efforts. Unlike in first year physics instruction,
in which a pretest of the Force Concept Inventory is no longer suggested because it has
been demonstrated that incoming physics students have uniformly low scores
(Hestenes et al., 1992), incoming biochemistry students provide a window into the
effectiveness of departmental curricula. Particularly as departments work to improve
instruction in lower division undergraduate courses, instructors of biochemistry need to
participate in the ongoing discussion armed with information from diagnostic
assessments. According to constructivist theories of learning, it is important to
determine what the learners already know before new concepts are introduced,
especially if the new concepts are obviously dependent on ideas introduced by earlier
coursework, as is true in biochemistry. Despite the fact that both groups included in
this study were exposed to constructivist pedagogical strategies intended to promote
active learning, there remains room for improvement, as shown by the students’ modest
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learning gains. This might mean that additional exercises in biochemistry would be
helpful, or it might suggest that implementing constructivist pedagogical strategies
only in biochemistry, without concomitant efforts in prior coursework, is of limited
utility. We recommend that, along with using active and collaborative strategies for
instruction, we continue to use assessments that probe students’ incorrect ideas. Only
then will we begin to understand the fundamental challenges of learning in
biochemistry and to imagine, implement, and assess potentially fruitful curricular
adjustments
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CHAPTER V:
Exploring diverse students' trends in chemistry self-efficacy throughout a semester of
college-level preparatory chemistry

This chapter is a published manuscript in the Chemistry Education Research and
Practice. It is reproduced by permission of The Royal Society of Chemistry. The paper
can be accessed:

http://pubs.rsc.org/en/content/articlepdf/2014/rp/c3rp00141e.

Supplementary information for this chapter can be found in Appendix D, and
additional analysis for this study can be found in Appendix E.

Introduction
Most students consider chemistry to be a difficult subject, even those students
who say that they like it (Cousins, 2007). Introductory chemistry is a central part of any
STEM major’s curriculum; therefore students’ success in the course is required to
continue to more advanced courses. At most U.S. colleges and universities, a nonnegligible percentage of students who attempt introductory chemistry drop the course
and must either change to a non-STEM major or retake a class to remain in STEM. This
situation translates into a continuous special interest in retaining and encouraging
students to persist in introductory chemistry courses. The situation in other countries,
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as well, has pointed to declining enrollments in courses necessary for careers in STEM
fields (Lyons, 2006).
Retaining students in STEM is of great interest and concern for educators and
researchers. This interest and concern is even greater when we focus on females and
underrepresented minorities such as Hispanics and Blacks (Hurtado, Newman, Tran,
and Chang, 2010; Bayer Corporation, 2012). Even though the number of females in
STEM careers has been growing, they are still underrepresented as compared with
males in upper-level STEM positions (Zeldin, Britner, and Pajares, 2008; Hill, Corbett,
and St Rose, 2010; Akkuzu and Akcay, 2012), and the situation is even worse for women
of color (Ong, Wright, Espinosa, and Orfield, 2011). For Hispanics and Blacks of both
sexes, representation in STEM and health professions in the U.S. is very low in
comparison with the increasing population diversity in race/ethnicity (Perry, Link,
Boelter, and Leukefeld, 2012), a state of affairs that has been termed an “enormous
mismatch” (Bianchini, 2013). According to a special report from the National Science
Foundation (NSF) about women, minorities, and persons with disabilities in science and
engineering, the science workforce remains mainly White and male, with less than 10%
of these careers occupied with females from minority backgrounds (National Science
Foundation and National Center for Science and Engineering Statistics, 2013). While
issues of racial/ethnic diversity are hard to compare internationally, similar concerns
about the under-representation of women in the STEM workforce have been expressed
in the UK (Chimba and Kitzinger, 2010) and in Australia (Little and León de la Barra,
2009).
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Given this situation, it continues to be important to study factors that could
potentially influence the retention of students from underrepresented groups in STEMrelated fields. Educators have tried different pedagogical approaches to help all
students succeed in chemistry. Researchers have included both cognitive and noncognitive domains when assessing these approaches, measuring such variables as
attitude, motivation, prior chemistry knowledge, and prior math achievement, (Bauer,
2008; Lewis and Lewis, 2008; Seery, 2009; Cooper and Pearson, 2012; Scott, 2012). This
research has begun to explain the role of both domains in student learning; however,
the affective aspects of success in chemistry, such as self-efficacy, have not yet been
thoroughly investigated. It has been suggested that, in a male-dominated workforce
environment, self-efficacy can sustain females in their quest to persevere and succeed
(Zeldin et al., 2008); the same principle may hold for female and underrepresented
minority students in college chemistry courses.
Self-efficacy
The construct of self-efficacy emerged from Bandura’s Social Cognitive Theory
(Bandura, 1986, 1997), and it is an aspect of success that has gained the interest of
science educational researchers (Pajares, 1996a; Britner and Pajares, 2001; Dalgety and
Coll, 2006; Lawson, Banks, and Logvin, 2007; Zeldin et al., 2008). Self-efficacy has been
defined as one’s perception of his/her own ability to perform a specific task with a
certain level of proficiency. This construct is relevant to student learning because,
according to the theory, if a student does not feel able to do tasks necessary for learning
a subject, he/she will try to avoid those tasks. Individuals with low self-efficacy will not
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only delay their attempts to accomplish the desired tasks, but may even give up after
unsuccessful trials. On the other hand, many positive educational outcomes have been
hypothesized for those individuals with high self-efficacy, such as longer perseverance
to complete a task and higher achievement (Bandura, 1986; Britner and Pajares, 2001).
The idea is that, the stronger a student’s self-efficacy is, the more likely that the student
will choose challenging learning tasks, will persist at them, and will eventually perform
them successfully (Britner and Pajares, 2001; Pajares and Schunk, 2001; Margolis and
McCabe, 2003; Zeldin et al., 2008). Rather than being a fixed element, self-efficacy is
thought to be cyclical in nature, which means a student’s self-efficacy changes with the
experiences each student has (Dalgety and Coll, 2006). In general, self-efficacy will
increase with positive experiences and decrease with negative experiences. One
important aspect of the construct of self-efficacy is that it is task specific and context
specific; therefore, students’ perceptions of their ability to perform well on chemistryrelated tasks in a particular course would be measured by their chemistry self-efficacy
while taking that course.
At many universities, preparatory or bridging chemistry courses are designed for
students intending to major in STEM who are not prepared or who do not feel prepared
to enroll in a college general chemistry course. These courses provide students with
some of the basic chemistry knowledge that will help them to be prepared to take
general chemistry. It has been assumed that a well-designed preparatory chemistry
course should lead to increases in chemistry content knowledge as well as in chemistry
self-efficacy (Schmid, Youl, George, and Read, 2012; Youl et al., 2012). Therefore, it is of
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interest to examine the changes in students’ chemistry self-efficacy throughout a
semester of a preparatory chemistry college chemistry course.
Self-efficacy and sex differences in STEM
Since students with higher self-efficacy are thought to be more likely to persist in
STEM careers, and females are currently underrepresented in many STEM fields
(Zeldin, Britner & Pajares, 2008), it is important to examine whether sex differences
related to self-efficacy toward science exist. In general, many previous studies related to
science self-efficacy have reported that males tend to have higher self-efficacy than
females, although the females may be just as capable as the males to succeed in science
(Pajares, 1996a, 2002; Lloyd, Walsh, and Yailagh, 2005; Dalgety and Coll, 2006;
Hutchison-Green, Follman, and Bodner, 2008; Michaelides, 2008).
Considering chemistry specifically, in a multiple-time-point study with college
chemistry students in New Zealand, Dalgety & Coll (2006) measured students’
chemistry self-efficacy three times within one year using the self-efficacy component of
the Chemistry Attitudes and Experiences Questionnaire (CAEQ). They reported that,
overall, students were very confident about the tasks presented, but males had higher
chemistry self-efficacy than females for certain chemistry tasks. Specifically, they found
that males reported a greater degree of confidence in advanced-level skills, such as
explaining chemistry content to others, than did females. Most of those differences were
no longer observed by the end of the first semester or by the end of the academic year,
but some new differences had emerged, still favoring males. Recent research in the area
of chemistry self-efficacy includes the development of a new self-efficacy measure, the
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College Chemistry Self-Efficacy Scale (Uzuntiryaki and Aydin, 2009) and the use of
Structural Equation Modeling for establishing a relationship between self-efficacy and
anxiety (Aydin, Uzuntiryaki, and Demirdogen, 2010; Kurbanoglu and Akim, 2010), selfefficacy and attitude (Kurbanoglu and Akim, 2010), and self-efficacy and critical
thinking (Uzuntiryaki-Kondakci and Capa-Aydin, 2013) for first year college chemistry
students in Turkey, but none of this work looked specifically for differences between
males and females. In another study with first-year chemistry students, Cook (2013)
found that chemistry self-efficacy and attitude were significant predictors of students’
intention to take future chemistry courses, still with no attention to potential differences
between male and female students.
More broadly, looking at science self efficacy or engineering self-efficacy rather
than chemistry self-efficacy, studies with middle school science students (Britner and
Pajares, 2001; Kiran and Sungur, 2012) and college engineering students (Concannon
and Barrow, 2012) have been mixed with respect to differences between males and
females. Britner & Pajares (2001), using a science self-efficacy scale that measures
students’ confidence in earning a grade in their science class, found that females had a
higher science self-efficacy than males. In a more recent study, Kiran & Sungur (2012)
used the Sources of Self-Efficacy Scale (SSES) to assess middle school students’ science
self-efficacy in Turkey and found that the science self-efficacy for females and males did
not differ. At the college level, in a recent study with engineering students, Concannon
& Barrow (2012) found that there were not significant differences in the overall mean of
self-efficacy for the females when compared with the males. This result contrasts
	
  

80	
  

somewhat with an earlier qualitative study by Hutchison-Green and co-workers (2006)
investigating the impact of first-year engineering experiences on students’ efficacy
beliefs, in which males were found to be more likely to focus on positive experiences,
while females were more likely to focus on negative experiences. Similarly, in a
longitudinal and cross-institutional study with female engineering students in the U.S.,
Marra et al. (2009) found that, although females had increases in some aspects of selfefficacy over time, they experienced a decrease with respect to their feeling of inclusion,
particularly for African-American females.
Since the results in previous literature about sex differences are mixed, with
more recent work tending to show fewer differences, and there is no recent work
investigating this issue for chemistry self-efficacy, it is salient to examine whether sex
differences exist in our study. Understanding students’ self-efficacy beliefs and whether
there are differences by sex might help us to understand factors that could influence the
level of representation of females in STEM fields, particularly females from
underrepresented minority groups.
Self-efficacy and underrepresented minorities in STEM
Another aspect of self-efficacy that has been of interest in the last decade is the
self-efficacy beliefs of underrepresented minorities in STEM fields. While some studies,
as discussed previously, have focused on females in science and engineering (Zeldin
and Pajares, 2000; Zeldin et al., 2008; Marra, Rodgers, Shen, and Bogue, 2009), fewer
studies have focused on racial/ethnic minorities (Britner and Pajares, 2001; Perry et al.,
2012). Britner & Pajares (2001), by assessing students’ confidence in earning a grade in
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their science class, found that White students have a stronger science self-efficacy than
African American students in middle school science. In another study with sixth
graders, Perry et al. (2012) also found that students’ confidence for completing a science
course was lower for African American students than for White students. In the same
study, Perry et al. examined the interaction between sex and race/ethnicity. They found
that a significant interaction for African Americans and Latinos; where African
American and Latino females have more confidence in their ability (self-efficacy) to
complete science courses than males. No such comparison studies have been reported at
the college level to date.
Gaps in the literature
As shown in the previous sections, studies in the area of science self-efficacy
focusing on possible differences with respect to sex and underrepresented minority
status have appeared within the last decade. Studies focusing specifically on chemistry
self-efficacy at the college level (Dalgety and Coll, 2006; Uzuntiryaki and Aydin, 2009;
Kurbanoglu and Akim, 2010; Cook, 2013; Uzuntiryaki-Kondakci and Capa-Aydin, 2013)
as well as studies that look at students’ self-efficacy beliefs in a longitudinal way
(Dalgety and Coll, 2006; Marra et al., 2009) are still limited, however, although a
growing interest has been observed in the last few years. Since there is ongoing interest
to retain females and racial/ethnic minorities in STEM fields, more studies are needed
in this area (Zeldin et al., 2008). Regarding racial/ethnic minority groups, only two
studies have reported on the self-efficacy for these groups and both of them are with
middle school students (Britner and Pajares, 2001; Perry et al., 2012), with no studies on
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college students or in chemistry courses. Thus, this study will address major gaps in the
literature by examining students’ chemistry self-efficacy during a semester in a college
preparatory chemistry course with comparisons between different groups of students
by sex and race/ethnicity.

Present study
The goal of the present study is to examine students’ chemistry self-efficacy
throughout a semester of a college preparatory chemistry course for science majors.
Specifically, the aim is to use multilevel modeling (MLM) analysis to explore students’
trends during the semester, focusing on possible differences by sex and race/ethnicity,
while taking into consideration prior math achievement (SAT Math). The research
questions guiding this study are:
1. What are students’ chemistry self-efficacy (CSE) beliefs at the beginning of
the semester? What differences, if any, can be observed for groups
underrepresented in STEM fields?
2. What changes can be observed for students’ chemistry self-efficacy (CSE)
beliefs during the semester? What differences, if any, can be observed for
groups underrepresented in STEM fields?
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Method
Instruments
Chemistry self-efficacy (CSE). Students’ chemistry self-efficacy was measured
using items from a subscale of the Chemistry Attitudes and Experience Questionnaire
(CAEQ) developed by Dalgety, Coll & Jones (2003). The chemistry self-efficacy subscale
consists of 17 items measuring different aspects of students’ chemistry self-efficacy such
as learning chemistry theory, applying chemistry theory, learning chemistry skills, and
applying chemistry skills (Dalgety, Coll, and Jones, 2003). For the purpose of this study,
items related to laboratory skills were not used, since the course has no laboratory
component. Five items assessing students’ self-efficacy beliefs regarding applying
chemistry knowledge were used for the present study. These items were chosen in
alignment with one of the goals of the course, that students are expected to apply the
chemistry knowledge they learn in the course; therefore these items were relevant for
our purpose (see Appendix B for all the items). For example, one of the items was
‘Applying a set of chemistry rules to different elements of the Periodic Table’. Students were
asked to rate how confident they felt about completing each chemistry-related task on a
five-point scale between being Not confident to Totally confident. Higher numbers on the
scale (4 or 5) indicate that students feel very confident to complete the given task; on the
other hand, lower numbers (1 or 2) will indicate students were not so confident about
completing the given task.
Prior math achievement.

The quantitative part of the SAT was used as a

measure of students’ prior math achievement (SATM hereafter). The SAT is a college
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entrance exam in the U.S. that is typically administered during the last year of high
school. The SATM scores range from 200 to 800, and they have been found to have high
internal consistency coefficients (Cronbach’s alpha = .92) (Ewing, Huff, Andrews, and
King, 2005). SATM has been used as a predictor of student performance in science
(Ewing et al., 2005) and, importantly for its role as a covariate here, its relationship with
student chemistry performance has been well documented (Spencer, 1996; Wagner,
Sasser, and DiBiase, 2002; Lewis and Lewis, 2007, 2008; Pyburn, Pazicni, Benassi, and
Tappin, 2013; Xu, Villafane, and Lewis, 2013). Although other measures of math ability
exist (Wagner et al., 2002; Pienta, 2003; Cooper and Pearson, 2012), SATM has been
found to be an appropriate measure of students’ prior math achievement and is used to
place students in the preparatory chemistry course (see below); therefore it is relevant
to include it as covariate in this study.
Data collection and participants
Participants were students enrolled in a preparatory chemistry course for science
majors during Fall 2007 at a large southeastern public research university. Preparatory
chemistry at this institution is a one-semester course recommended for science majors
who have little or no exposure to secondary school chemistry (Heredia, Xu, and Lewis,
2012). The course is also recommended for students who have a low SATM score
(lower than 550).
Students’ self-efficacy in chemistry was measured five times during the semester
using the CSE survey. Surveys were one of several options for students to receive
attendance points (other options included responding to clicker questions, turning in a
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scantron, etc.). Students were informed that their participation was voluntary and that
the course instructor would not be provided with individualized response data but
rather with an aggregate result. The first CSE administration was during the first day of
classes to assess students’ self-efficacy beliefs before any formal instruction, and it will
be referred to as CSE at time 0 or CSE0. The next four times the CSE was administered
during class time, in the class immediately before each of the four exams to be
consistent throughout the semester and to avoid having students base their survey
responses on exam results. These will be referred to as CSE at time 1 to CSE at time 4 or
CSE1 to CSE4, respectively.
A total of 409 students took the preparatory chemistry course in Fall 2007. For
this study, only students who completed at least one survey and had demographic
information available were included for further analyses. Table 5.1 presents the
demographic information for these 384 participants. As presented in Table 5.1, there
are 278 females (72.4%) and 106 males (27.6%) in our sample. Regarding race/ethnicity,
50.8% are White, 18.8% Hispanic, 18.8% Black, and 7.3% Asian.
Data analysis
Descriptive statistics.

Descriptive statistics were obtained using SAS 9.3.

General trends and univariate normality for each variable (CSE item and composite
scores and SATM scores) were assessed using descriptive statistics.
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Table 5.1. Demographics: number and percentage of students by sex and
race/ethnicity (n = 384)
No. of students
Percentage
Sex
Female
Male

278
106

72.4
27.6

Race/Ethnicity
White (Not of Hispanic Origin)
Hispanic or Latina
Black (Not of Hispanic Origin)
Asian
Unknown
American Indian or Alaskan Native
Others

195
72
72
28
12
3
2

50.8
18.8
18.8
7.3
3.1
0.8
0.5

CSE psychometrics. Internal consistency reliability (Cronbach’s alpha coefficient)
for each of the CSE survey administrations was calculated using SAS 9.3. Internal
consistency reliability will allow us to examine if the items in the CSE scale yield
consistent scores. Although in the literature there are different cutoffs for Cronbach’s
alpha coefficient, as it depends on the test purpose (Murphy and Davidshofer, 2005), the
most common cutoff reported to determine whether scores are sufficiently reliable is 0.7
(Cortina, 1993; Murphy and Davidshofer, 2005).
In terms of validity evidence (Arjoon, Xu, and Lewis, 2013), the internal structure
of the scores was examined using Confirmatory Factor Analysis (CFA). CFA was
performed using MPlus 5.2 to estimate how well the proposed model fits the data. The
proposed model is a first-order model (1-factor solution), where the 5 items related to
students’ beliefs regarding their confidence toward applying chemistry theory to
different tasks were set to correlate to each other. A Maximum Likelihood estimator
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was employed. Guidelines for fit statistics such as Comparative Fit Index (CFI) greater
than .90 and Standardized Root-Mean Squared Residual (SRMR) less than .08 were
considered, to determine if the model had a good fit to the data (Hu and Bentler, 1999;
Cheng and Chan, 2003). The analyses allow us to determine whether the interpretation
of the chemistry self-efficacy scores from the CSE survey can be done using a composite
score from the scale (i.e. at the scale level) or if the interpretation should be done at the
item level.
Multilevel Modeling analysis (MLM). Multilevel modeling (MLM) is a
multivariate analysis that is an adaptation of traditional regression models. This
analysis involves data at different levels with observations nested in larger units. It has
many advantages when compared with simple linear regression or other multivariate
analysis such as MANOVA (Osborne, 2000). The principal advantage of using MLM is
that it allows working with observations that are not independent, for example
observations from students who are in the same classroom or multiple observations of
the same students over time. Since MLM takes into consideration the different levels of
the data and relevant characteristics at each level, the effect estimates are less biased
(Raudenbush and Bryk, 2002; Luke, 2004), than those for standard linear regression,
making MLM a suitable analysis for this study.
MLM was performed to examine students’ chemistry self-efficacy changes
throughout a semester using Proc Mixed in SAS 9.3. A growth curve model was chosen
to examine changes in time, including the potential for differences by sex and
race/ethnicity. The changes in students’ self-efficacy scores over time, on average by
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sex and race/ethnicity, were estimated by interpreting parameter estimates obtained
from the analysis. The estimation method used for analysis is Restricted Maximum
Likelihood (REML), which produces less biased random-effect estimates (i.e. variance
components) than Maximum Likelihood (ML) (Raudenbush and Bryk, 2002; Luke,
2004).
In this study, the focus of the MLM analysis was the change in the chemistry selfefficacy scores; therefore, the outcome variable is represented by students’ CSE scores at
each time point. The growth curve model has two levels, chemistry self-efficacy
observations over time nested within students. The first level in the model is
represented by student CSE observations. One predictor, time, was added to Level 1.
Time indicates when each CSE observation was recorded, for example, for the initial
administration of CSE (CSE0), time is 0, second administration (CSE1), time is 1, etc.
Level 2 in the model corresponds to the student level, where relevant student
characteristics are considered as predictors. Since we are interested in tracking changes
of CSE by sex and race/ethnicity, students’ sex and race/ethnicity were added to the
model as level-2 predictors. Also, students’ prior math achievement as measured by the
SATM scores was added to Level 2 as a covariate. This covariate will allow us to control
for differences in students’ SATM scores. This single MLM model was used to address
the research questions that guide this study.
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Results and Discussion
Descriptive statistics
The chemistry self-efficacy (CSE) survey was administered five times during the
semester. Descriptive statistics were performed on each of the CSE surveys and SATM
scores to examine general trends in the data and to assess the univariate normality of
each variable for the 384 students in the sample. As shown in Table 5.2, the sample size
for each variable varies, since it indicates how many participants completed each of the
surveys. This variation in sample size demonstrates that not all participants have
complete sets of data. For further analysis, all participants will be included in the
analysis, even with incomplete data sets, since MLM analysis can handle this situation
and can estimate coefficients for these students (Raudenbush and Bryk, 2002; Gibson
and Olejnik, 2003; Lewis and Lewis, 2008).
The mean of the CSE scores ranged from 2.90 to 3.41. Univariate normality was
assessed by examination of the skewness and kurtosis values for each variable. As
presented in Table 5.2, each variable has absolute skewness values of less than 1 and
absolute kurtosis values of less than 2. These values indicate that these variables are
approximately normally distributed.
In general, a positive trend in the mean scores of chemistry self-efficacy can be
observed. At the beginning of the semester, students’ overall mean CSE score was 2.90,
which indicates that students were not so confident in applying the chemistry theory to
different tasks; however, the mean scores for later administrations, in general, indicate
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that students’ confidence gradually increases. At the end of the semester, the overall
CSE mean score was 3.41.

Table 5.2. Descriptive statistics for CSE and SATM for all students
CSE0
CSE1
CSE2
CSE3
CSE4
SATM

N
355
338
290
277
274
334

Mean
2.90
3.26
3.35
3.32
3.41
511

Std Dev
0.82
0.72
0.80
0.84
0.80
57.2

Minimum
1
1
1
1
1
330

Maximum
5
5
5
5
5
760

Skewness
-0.01
-0.07
-0.34
-0.30
-0.35
0.40

Kurtosis
0.04
-0.10
0.002
-0.12
0.33
1.78

Table 5.1 presented the demographic distribution for the 384 students. For
further analysis, only participants with SATM and classified as Asian, Black, Hispanic,
and White were included. Other racial/ethnic categories were removed because their
sample size is too small for multivariate analysis. After this adjustment, a total of 320
participants remained, with a demographic distribution and descriptive statistics
similar to the initial sample. For the demographic information, there are 235 females
(73.4%) and 85 males (26.6%), and, regarding race/ethnicity, 51.6% are White, 20.6%
Hispanic, 19.7% Black, and 8.1% Asian. The descriptive statistics for this data set are
presented in Table 5.3. The CSE mean ranged from 2.93 to 3.39. Univariate normality for
this data set again follows an approximately normal distribution according to skewness
and kurtosis values. Descriptive statistics for each item in each administration are
presented in Appendix B for both samples.
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Table 5.3. Descriptive statistics for CSE and SATM (N=320)
CSE0
CSE1
CSE2
CSE3
CSE4
SATM

N
297
279
237
230
229
320

Mean
2.93
3.29
3.40
3.36
3.39
511

Std Dev
0.83
0.73
0.80
0.84
0.81
57.4

Minimum
1
1
1
1
1
330

Maximum
5
5
5
5
5
760

Skewness
0.09
-0.09
-0.48
-0.34
-0.33
0.40

Kurtosis
0.02
0.02
0.31
0.004
0.40
1.82

CSE psychometrics
Internal consistency reliability was assessed using Cronbach’s alpha coefficient.
Cronbach’s alpha for each CSE administration (CSE0-CSE4) ranged from 0.79 to 0.87.
These values indicate good internal consistency reliability for the CSE scores. The
covariance matrices for each administration are presented in Appendix B. Confirmatory
Factor Analysis (CFA) was performed on the CSE scores (covariance matrices) for each
CSE administration. Fit indices for each administration indicate a reasonable fit for the
1-factor solution. The CFI index ranged from 0.88 to 0.96 and SRMR values ranged from
0.04 to 0.06. Therefore, it is reasonable to interpret the scores of the CSE surveys as
measuring one construct, chemistry self-efficacy beliefs, or more specifically, students’
belief regarding how confident they feel about applying chemistry knowledge to the
tasks.

Multilevel Modeling analysis (MLM)
Model evaluation. The assumptions for MLM were examined for the set of
variables in the study. Boxplots and histograms were used to examine the distribution
of Level 1 and Level 2 residuals (normality assumption). Both representations showed
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an approximately normal distribution of the residuals. Further descriptive statistics
showed that the mean for the level-1 and level-2 residuals is 0, and the examination of
the skewness and kurtosis suggest normal distributions. No outliers were identified in
the analysis. An examination of the residuals in the scatterplot and the test of
homogeneity of variance did not show evidence of violation for the homoscedasticity
assumption for the set of variables in this study.
Unconditional model. An unconditional or baseline model was run to determine
the degree of explained variance in chemistry self-efficacy scores between students. This
model is called a baseline model because it has no predictors.

Level 1 (within students):
CSEscoresti = π0i + eti

(1)

Level 2 (between students):
π0i = β00 + r0i

(2)

In this model as shown in Equation (1) and (2), CSEscoresti is the CSE score
obtained at time t by student i. The level-1 equation’s intercept (π0i) represents the CSE
mean score across all time points for student i. The level-2 equation’s intercept (β00)
represents the CSE grand mean across all time points for all students. The variability of
CSE scores within student i is represented by eti and between students by r0i. The
variance components for the baseline model variability between and within students
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were obtained from this analysis. The level-2 variance component (τ00), or variance
between students, is 0.21 and the level-1 variance component, or variance within
students (σ2), is 0.45. The intraclass correlation (ICC), or the ratio of between-group
variance to total variance, was 0.32, indicating that 32% of the overall variation in
student chemistry self-efficacy lies between students as shown in Equation (3). It is
therefore reasonable to use an MLM analysis, since an ICC of 0.25 or above is
recommended for these analyses (Kreft, 1996; Heinrich and Lynn, 2001).
ICC = ρ = τ00 /(τ00 + σ2)
(3)
ICC = ρ = .21 / (.21 + .45) = 0.32
“Unconditional” Model with time as predictor. A second model similar to the
unconditional model was run, with the only difference the addition of a time predictor
at Level 2 as shown in Equation (4). This model was used to determine the degree of
explained variance at the student level, ICC, when the time predictor is added.
Level 1 (within students):
CSEscoresti = π0i + π1i * (time)ti + eti

(4)

Level 2 (between students):

	
  

π0i = β00 + r0i

(5)

π1i = β10 + r1i

(6)
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In this model, CSEscoresti represents the CSE score obtained by student i at time t. For
the level-1 equation, time was added as predictor to the model. Time is an ordinal
variable that spans from 0 (representing first administration, CSE0) to 4 (representing
the last administration, CSE4). The level-1 equation’s intercept (π0i) represents the
expected CSE score at time 0, while the slope (π1i) describes the change in an
individual’s CSE score over time. The ICC was calculated for this model and 49% of the
overall variation in student chemistry self-efficacy lies between students.
Full MLM model.

A multilevel model was constructed as prescribed in

Equations (7)-(9) to examine students’ chemistry self-efficacy beliefs at the beginning of
a college preparatory chemistry course and their changes, if any, throughout the
semester.
Level 1 (within students):
CSEscoresti = π0i + π1i * (time)ti + eti

(7)

Level 2 (between students):
π0i = β00 + β01 * (sex)ti + β02 * (ethnicity)ti + β03 * (SATM)ti +
β04 * (sex*ethnicity)ti + r0i
π1i = β10 + β11 * (sex)ti + β12 * (ethnicity)ti + β13 * (SATM)ti +
β14 * (sex*ethnicity)ti + r1i

(8)

Combined Equation:
CSEscoresti = β00 + β01 * (sex)ti + β02 * (ethnicity)ti + β03 * (SATM)ti +
β04 * (sex*ethnicity)ti + β10*(time)ti + β11 * (sex*time)ti +
β12 * (ethnicity*time)ti + β13 * (SATM*time)ti +
β14 * (sex*ethnicity*time)ti + r0i + r1i * (time)ti + eti
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(9)

In this model, the level-1 equation (Equation 7) is the same as in the previous model
(Equation 4) where time is added as predictor. Level 2 is defined using two equations
to capture the effect that changes in student variables or characteristics (sex,
race/ethnicity, SATM) can have on the slope and intercept of the level-1 equation.
These variables, sex, race/ethnicity (represented in the model as ethnicity), and SATM,
were added to the model in each of the level-2 equations. SATM scores were used as a
covariate and grand-mean centered on 511. Four dummy variables were created to
represent the eight sex and racial/ethnic groups using standard MLM procedures. The
dummy variable for sex was defined using 0 for males as the reference group and 1 for
females. The four racial/ethnic groups were defined in the model using 0 for the Whites
as the reference group, and 1 for the other groups, Asians, Blacks, and Hispanics (see
Table 5.4). Since both sex and race/ethnicity categories are categorical (defined by 0
and 1), parameters were reported in the unstandardized form.
Another level-2 predictor included in the model is the interaction between sex
and race/ethnicity. This interaction at the Level 2 equation is included to examine
whether students’ initial CSE scores and their changes over time are different for
females and males of the different racial/ethnic groups. Adding this necessary
interaction makes the interpretation of the results for each group complex; working
through the dummy variables as shown in Table 5.4 can be helpful to understand the
interpretation of the parameter estimates. For the intercept, β00 represents the expected
CSE score at t = 0 for White males with the average SATM score. β01 represents the
difference in the intercept (initial CSE score) between a White male and a White female.
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β02 has three estimates, one estimate for each comparison between each male of the
racial/ethnic group (Asian, Black or Hispanic) and reference group, White males. The
interaction term β04 indicates the degree to which the sex difference changes across
race/ethnicity, e.g., the sex difference for Hispanics is defined by two parameters,
β01+β04,H.
For the time slope, β10 indicates the CSE score change over time unit for White
males. The interpretation of time slope difference across groups using β10, β11, β12, and
β14 follows the same pattern as for the intercept. For example, the slope for Hispanic
males is defined by β10+β12,H .

Table 5.4. Dummy coding scheme, intercept, and slope for each group of students
Sex
Race/Ethnicity
Intercept
Slope
Dummy Code D1
D2
D3
D4
Male, White 0
0
0
0
β00
β10
Female, White 1
0
0
0
β00+β01
β10+β11
Male, Asian 0
1
0
0
β00+β02,A
β10+β12,A
Male, Black 0
0
1
0
β00+β02, B
β10+β12, B
Male, Hispanic 0
0
0
1
β00+β02, H
β10+β12, H
Female, Asian 1
1
0
0
β00+β01+β02,A+β04,A β10+β11+β12,A+β14,A
Female, Black 1
0
1
0
β00+β01+β02,B+β04, B
β10+β11+β12,B+β14, B
Female, Hispanic 1
0
0
1
β00+β01+β02,H+β04, H β10+β11+β12,H+β14, H

A pseudo effect size for MLM was calculated to determine the proportion of
error variance explained by the set of predictors when compared to the “Unconditional”
model with the time predictor. This effect size is analogous to R2 in regression analysis
and was calculated using Raudenbush & Bryk’s (2002) approach. The result was that,
for Level 2, 14% of the variance was explained by the set of additional predictors.
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General results from full MLM model. The results of the full MLM model are
shown in Table 5.5. Estimates for each fixed effect, e.g. intercepts and slopes, by sex
and race/ethnicity are presented. Given that we are interested in the expected
chemistry self-efficacy scores at the beginning of the semester and the changes in
expected scores throughout the semester for the different groups (e.g. by sex and
race/ethnicity), the results obtained from the full model were used to create a figure for
ease of interpretation, as follows: 1) for each group, a linear equation was constructed to
represent the modeled trend, 2) these equations were then used to obtain CSE scores at
each time, and 3) the modeled trend for each group is presented in Figure 5.1.
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Note: AF: Asian females BF: Black females HF: Hispanic females WF: White females
AM: Asian males BM: Black males HM: Hispanic males WM: White males
Figure 5.1. MLM trends for CSE scores by sex and race/ethnicity
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Table 5.5. Fixed and random effects for full MLM model
Symbol

Description

Race/
Ethnicity

Sex

Estimate

Standard
Error

Significance

Fixed effects
β00

Intercept

3.08

0.11

<.0001*

β10

time

0.12

0.04

0.0010*

β01

sex

-0.19

0.13

0.1456

β02,A

ethnicity

Asian

0.90

0.31

0.0036*

β02,B

ethnicity

Black

0.44

0.24

0.0707

β02,H

ethnicity

Hispanic

0.58

0.22

0.0077*

β03

SATM

0.0012

0.0008

0.1199

β04,A

sex*ethnicity

Female

Asian

-1.02

0.36

0.0050*

β04,B

sex*ethnicity

Female

Black

-0.14

0.27

0.6155

β04,H

sex*ethnicity

Female

Hispanic

-0.54

0.25

0.0328*

β12,A

time*ethnicity

Asian

-0.11

0.11

0.3028

β12,B

time*ethnicity

Black

-0.17

0.08

0.0407*

β12,H

time*ethnicity

Hispanic

-0.20

0.07

0.0064*

β11

time*sex

0.0090

0.04

0.8393

β13

time*SATM

8.958E-6

0.000263

0.9728

β14,A

time*sex*ethnicity

Female

Asian

0.15

0.12

0.2395

β14,B

time*sex*ethnicity

Female

Black

0.12

0.09

0.2078

β14,H

time*sex*ethnicity

Female

Hispanic

0.21

0.09

0.0151*

σ2 (eti)

0.3585

0.0195

<.0001*

τ00 (r0i)

0.3152

0.0474

<.0001*

τ10 (r1i)

-0.0480

0.0140

0.0006*

τ11

0.0197

0.0057

0.0003*

Female

Female

Random effects

*statistically significant at p < .05
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Examining the CSE score trajectories for students in a college preparatory
chemistry course is important to determine if our expectation that the course should
increase students’ chemistry self-efficacy is reasonable. The students’ overall CSE
trajectories can first be examined using the raw data presented in Table 5.3. Students’
overall CSE score at the beginning of the semester, time 0, is 2.93 (±0.83) while at the
end of the semester, time 4, is 3.39 (±0.81). The difference in CSE scores is 0.46 points.
The effect size for this difference is 0.60, which is a medium effect size according to
Cohen’s d guidelines, 0.20 (small), 0.50 (medium), and 0.80 (large) (Cohen, 1988). This
effect size indicates a meaningful increase in the students’ overall CSE scores, which
will validate our expectation from a college preparatory course. Although the actual
CSE scores for our sample are lower than what Dalgety & Coll (2006) reported with
their first year chemistry students, the effect size for the increase in CSE is consistent
with their results that, after a year of first-year chemistry, students’ CSE scores for most
of the chemistry self-efficacy items increased with a small to medium effect.
Since one of the interests of this study is to examine the CSE trajectory for the
underrepresented groups in our sample, focusing on the overall raw data is not enough.
Results from the MLM analysis allow us to look at the modeled CSE trajectories for each
group of students with statistical significance testing for group differences. As
displayed in Figure 5.1, the expected CSE scores at the beginning of the semester (time
0) of college preparatory chemistry and the CSE trajectory across the semester are not
the same for all students. Therefore the results from the MLM analysis were used to
describe the differences among the groups by sex and race/ethnicity at the beginning of
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the semester and their changes across the semester.

What are students’ chemistry self-efficacy (CSE) beliefs at the beginning of the
semester? What differences, if any, can be observed for groups underrepresented in
STEM fields?
Students’ CSE scores at the beginning of the semester were examined using the
parameter estimates displayed in Table 5.5. The intercept for the full model (β00) is 3.08,
which indicates the expected chemistry self-efficacy score for a White male student of
average SATM at time 0 (at the beginning of the semester). This score for White males
indicates a relatively neutral belief regarding their confidence in applying chemistry
knowledge at the beginning of the semester.
The fixed effect estimates (β01, β02) represent the expected differences in CSE
scores by sex and race/ethnicity when compared to the reference group at time 0. The
observed fixed effect (β01) by sex (for females) at time 0 is -0.19, which means that, on
average, White female students had a lower but not significantly different (p=.146)
expected CSE score than White males. Even though, in general, the expected CSE
scores were lower for most females of the different racial/ethnic groups in our study,
our results for White females are consistent with recent studies in science (Kiran and
Sungur, 2012) and engineering (Concannon and Barrow, 2012) self-efficacy, where those
differences were not statistically significantly different.
Regarding race/ethnicity, statistically significant effects are observed for two
groups, Asians (β02,A) and Hispanics (β02,H).
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For Asians, the effect is 0.90, which

indicates that at time 0, for students of average SATM, the expected chemistry selfefficacy score for an Asian male student is 0.90 higher than for a White male student
(p=.0036); while for Hispanics, the effect is 0.58, which indicates that at time 0, the
expected chemistry self-efficacy score is 0.58 higher than for a White male student
(p=.0077). From Figure 5.1, we can see these differences in expected CSE scores at the
beginning of the semester. For example, on average, the expected CSE score for a
Hispanic male at the beginning of the semester is 3.66, while for a White male it is 3.08.
Significant effects are also observed for sex*ethnicity interactions for Asians
(β04,A) and Hispanics (β04,H) , which indicates that the effect of ethnicity on chemistry
self-efficacy for these two groups is different for females and males. In both cases, the
effect on CSE is negative, which signals that, on average, the Asian and Hispanic
females in this study have a lower initial expected CSE score than the Asian and
Hispanic males, respectively, when these differences are compared to the difference in
expected score for males and females in the reference group. For Asians, the effect is 1.02 (p=.0050) and for Hispanics it is -.54 (p=.0328). A difference between Hispanic
males and females also been reported by Perry et al. (2012); however, the direction of
the effect is not the same. Perry et al. reported that Hispanic females in sixth grade
were more confident in their ability to complete a science course than the Hispanic
males, while our results reveal that at the beginning of a college preparatory chemistry
the opposite is likely to be true for our sample. It is always important to remember that,
for self-efficacy, the context is important; therefore, this reversal of results between 6th
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graders and college students points to the fact that we need more studies in similar
contexts to be able to compare and draw conclusions.
The students’ chemistry self-efficacy beliefs at the beginning of the semester in
this preparatory chemistry course reflect that most of the female students were not that
confident about applying chemistry knowledge. These differences may suggest that,
although the majority of these students are expected to have very little exposure to
chemistry, their beliefs have already been influenced, perhaps by their previous school
learning experiences (Dalgety and Coll, 2006).

What changes can be observed for students’ chemistry self-efficacy (CSE) beliefs during
the semester? What differences, if any, can be observed for groups underrepresented in
STEM fields?
CSE scores were tracked during the semester, and CSE trends by sex and
race/ethnicity were compared with the reference group (White males). These trends
capture the changes in CSE scores throughout the semester, and are displayed by the
time variable added to the model. The time effect (β10) is 0.12, which indicates the
change in the expected CSE score for a White male of average SATM as time increases
by one unit. For example, the expected CSE score for a White male student of average
SATM at time 2 is 3.33; whereas at time 3, his CSE expected score is 3.45, both of which
are above neutral for the CSE scale. These above neutral scores are not unreasonable,
considering that CSE scores for chemistry majors were reported to be around 4 for most
of the items in the original survey (Dalgety and Coll, 2006).
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As presented in Table 5.5, the interactions between time and race/ethnicity have
significant effects for two racial/ethnic groups, Blacks (β12,B) and Hispanics (β12,H). This
interaction suggests that the changes in chemistry self-efficacy scores over time depend
on the race/ethnicity of the student; therefore Black males’ and Hispanic males’
changes in CSE scores are significantly different when compared to White males’
changes in CSE scores. The change of CSE scores over time for a Black male student of
average SATM is -0.17 (p=.0407) and for a Hispanic male student is -0.20 (p=.0064).
These negative changes denote that, in general, the CSE scores for Blacks and Hispanic
males over time tend to decrease, while White males’ CSE scores tend to increase. This
trend for Black and Hispanic males is observed in Figure 5.1. This finding demonstrates
that, after experiencing a semester of college preparatory chemistry (time 4), Black and
Hispanic males’ confidence levels, although lower than at the beginning of the
semester, are more similar to the confidence levels expressed by other groups of
students in our sample. If this negative trend were to continue during general chemistry
it would be a concern, however, since students with low chemistry self-efficacy may
have less chance of staying in STEM-related fields.
To determine whether differences in CSE changes over time by sex vary across
race/ethnicity, the interactions of sex and race/ethnicity with time were obtained. For
this interaction, a significant effect can be seen for Hispanics. The effect is .21, which
indicates that the change in self-efficacy over time follows a different trend for Hispanic
males and females when compared to the trend for the reference group. The expected
chemistry self-efficacy trend for a Hispanic female student with an average SATM is
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positive, similar to the White males’ trend, which indicates that their expected CSE
scores increases throughout the semester in contrast to the negative trend for Hispanic
male students. Hispanic females became more confident in their ability to apply
chemistry knowledge during the semester; thus for them, the experiences in the course
appear to have had a positive impact on their chemistry self-efficacy beliefs.
From Figure 5.1, we can also observe that the differences in expected CSE scores
for each group are more noticeable at the beginning of the semester. When examining
the CSE trends at the end of one semester of college preparatory chemistry, we can see
that the gaps in expected CSE scores between groups are less noticeable than at the
beginning of the semester. This finding is consistent with a previous study in college
chemistry by Dalgety & Coll (2006), where they observed that most of the CSE
differences by sex obtained at the beginning of the semester were no longer noticeable
by the end of the academic year. This study takes the comparison a step further by also
revealing that self-efficacy gaps by racial/ethnic group also decreased after a semester
of a college preparatory chemistry course.
In summary, we have seen that, by just focusing on the raw CSE data for all
students, an overall increase in chemistry self-efficacy beliefs was observed by the end
of the semester.

However, the results from this study showed that this positive

trajectory might not be the same for all students, since for Black and Hispanic males, a
negative trend was observed. Although the trajectories are different, the expected CSE
scores for these two groups at the end of the semester were very close to the CSE scores
for the other groups.
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semester, students (Blacks and Hispanic males) were overconfident about what
chemistry-related tasks they were able to perform (Pajares, 1996b; Bandura, 1997;
Britner and Pajares, 2001), but they became more realistic by the end of the semester.
Bandura (1986) has argued that students need to have a strong belief in what they can
accomplish, since this will help them to persist on a task, but, as Britner and Pajares
(2001) have argued, “…how much confidence is too much confidence?” This situation
opens up the question of the role of a preparatory chemistry course with respect to
developing student self-efficacy.

Conclusions and Implications
This study examined students’ chemistry self-efficacy throughout a semester in a
college preparatory chemistry course. The CSE scores were used to examine students’
trends by sex and race/ethnicity through multilevel model analysis. The findings of
this study were used to answer two research questions regarding students’ CSE scores
at the beginning of the semester and CSE trajectories across a semester by sex and
race/ethnicity.
For the first research question, we examined students’ expected CSE scores at the
beginning of the semester by sex and race/ethnicity. At the beginning of the semester,
the expected CSE beliefs differed by student demographic group. Most importantly,
CSE score differences were not observed when males and females were compared in
general; however, differences were observed only when taking into race/ethnicity into
consideration as well. These findings highlight the value of acknowledging that the
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experiences of males and females can differ by racial/ethnic group in order to gain a
better understanding of the role of self-efficacy in retention. Differences in self-efficacy
can have an impact not only on students’ persistence in introductory chemistry but also
later on, for advanced coursework and progress within a STEM workforce that remains
dominated by Whites and males. Continued research into these differences in selfefficacy at all levels is required to uncover the degree to which this factor is at play in
preventing full development of the potential STEM workforce.
For the second research question, we examined CSE changes and trends during a
semester by sex and race/ethnicity. Differences in students’ CSE trends were observed
for two underrepresented groups, Blacks and Hispanics. These findings suggest that,
since chemistry self-efficacy is influenced by students’ experiences related to the tasks
presented, different groups of students would have experienced the course and its
chemistry-related tasks in different ways. Some students may have had repeated
positive experiences in the course, which helped them to build stronger CSE beliefs
toward the end of the semester, while other students may have had repeated negative
experiences that led to a decrease in their self-efficacy beliefs (Dalgety and Coll, 2006).
At the beginning of the semester, when students have only prior experiences on which
to base their self-efficacy beliefs, overconfidence could have been a factor for Black and
Hispanic males. Being overconfident can be problematic, as students might feel that
they do not need to make any effort to do well (Margolis and McCabe, 2003), which, for
a challenging subject such as chemistry, can set up a negative trend in self-efficacy as
the course progresses.
	
  

107	
  

Chemistry self-efficacy could be a potential factor influencing students’
achievement and retention in STEM careers (Bandura, 1986; Britner and Pajares, 2001;
Ong et al., 2011). Although this study has not focused on students’ achievement or
retention in STEM, examining students’ CSE in their first college chemistry course is
highly relevant to those goals. This study is the first one, at this time, to focus on
underrepresented groups in a college preparatory chemistry setting, which serves as a
bridge for students to continue into general chemistry, a required course for STEM
majors. This particular preparatory course has a higher proportion of underrepresented
minority students than do later courses in the chemistry sequence, which makes it an
important target for examination of the chemistry self-efficacy beliefs for these students.
From this study, we have seen that our expectation that a college preparatory chemistry
course should increase students’ chemistry self-efficacy (Schmid et al., 2012; Youl et al.,
2012) might not be true for all students. Given that there is a continuous interest in
retaining students from underrepresented groups in STEM-related fields, it is important
for researchers and educators to be aware of potential differences among these students
when planning interventions or strategies to help students stay in STEM-related fields.
This study has limitations. First, the sample was drawn from a single semester of
a college preparatory chemistry course at a particular institution; therefore, this model
may work for this context but not apply to other situations. Second, the sample size for
some of our racial/ethnic groups is small, which could limit the generalizability of the
results. Third, the findings are based on quantitative data only, which limits the
understanding of the differences in chemistry self-efficacy beliefs among the different
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groups of students. Also, race/ethnicity is a complex term, such that students in the
same category may have quite different cultural backgrounds, which makes it difficult
to draw conclusions regarding their differences. Triangulation of quantitative data with
interviews and observations would be a helpful and important aspect of future studies
in this area. Fourth, since self-efficacy is task-specific, topics covered during the
semester could have a differential impact on students’ self-efficacy beliefs. Further
studies could include a comparison of self-efficacy beliefs associated with selected
topics, to determine whether particular topics consistently challenge students’ sense of
self-efficacy.
Despite the limitations presented, this study has important implications for the
chemistry education community. For researchers, it is important to replicate this study
with additional samples. Developing a greater understanding of variability in selfefficacy trajectories for diverse students will help to enrich our understanding of this
construct. Additionally, studies that specifically look at the relationship of chemistry
self-efficacy and student performance in STEM courses over time are needed, again
with attention to diversity. Some interesting work on comparative perceived ability vs.
actual ranked exam performance over time in general chemistry has recently appeared
(Pazicni and Bauer, 2014); although the study setting did not permit a full examination
of diversity issues, female students were found to predict that their performance would
be closer to the average performance than comparable male students.
For those of us in the classroom, it is very important to be aware of potential
differences in the confidence that students may have when solving chemistry-related
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tasks, with respect to the influence of self-efficacy on persistence. Students with strong
self-efficacy will be more likely willing to try a challenging task and persist until
accomplishing it successfully (Britner and Pajares, 2001; Pajares and Schunk, 2001;
Margolis and McCabe, 2003; Zeldin et al., 2008), but the relationship between expected
outcomes and self-efficacy also means that repeated failure at challenging tasks can be
expected to lower self-efficacy and dampen student willingness to try (Pajares, 1996b).
Given the imperative to encourage students to persist in introductory chemistry courses
and on to STEM-related careers, educators’ decisions about how to structure their
courses to meet the needs of diverse learners can be highly influential. For students who
begin with a strong chemistry self-efficacy, it may be the case that attention to
developing metacognitive abilities, as suggested in a recent study on the study
behaviors of ethnically diverse organic chemistry students (Lopez, Nandagopal,
Shavelson, Szu, and Penn, 2013) as well as in the previously mentioned study on
perceived vs. actual general chemistry exam performance rank over time (Pazicni and
Bauer, 2014) will be a promising direction. For those who begin with a lower selfefficacy, scaffolding tasks from easy to hard has been suggested as one way to provide
the necessary support for growth (Margolis and McCabe, 2003). Regardless, because of
the influence of students’ own experiences on self-efficacy (Britner and Pajares, 2001;
Dalgety and Coll, 2006), educators should strive to provide a variety of relevant and
interesting tasks that are appropriate for progressive development of diverse students’
skills and knowledge.
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CHAPTER VI:
Exploring a measure of science attitude for different groups of students enrolled in
introductory college chemistry

Introduction
For decades, science educators and researchers have been concerned with
students’ performance in introductory chemistry courses at college level. Introductory
chemistry courses are part of most STEM curriculum in the U.S., but too often students
struggle with these courses, creating a problem for those who want or need to continue
to more advanced courses. In many instances, students feel that they cannot succeed,
losing their interest and motivation to continue, which creates a bigger problem,
student leaving the sciences.

This problem of retention in STEM is even more

concerning for students that are underrepresented in STEM fields, such females,
Hispanics and Blacks (Hurtado, Newman, Tran & Chang, 2010).
In chemistry education, many studies have focused on trying to understand
which factors affect students’ performance in chemistry and their retention in sciences
in general. Some of these factors are classified as cognitive factors such as prior math
achievement (Cooper & Pearson, 2012; Scott, 2012; Xu, Villafane & Lewis, 2013) and
prior conceptual knowledge in science (Seery, 2009; Wagner et al., 2002; Xu et al., 2013),
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and some are classified as non-cognitive factors such as self-efficacy (Cook, 2013;
Dalgety & Coll, 2006), and attitude (Bauer, 2008; Cukrowska, Staskun & Schoeman,
1999; Xu & Lewis, 2011; Xu et al., 2013).
One factor that has been well studied in science education is attitude. Attitude
has been defined as

“a psychological tendency that is expressed by evaluating a

particular entity with some degree of favor or disfavor” (Eagly, Chaiken, Petty, &
Krosnick, 1995). There has been a lot of debate about how to define and measure
attitude. In 1971, Klopfer provided a classification scheme to define and distinguish the
affective domain aims from the nature of science aims in science education (Klopfer,
1971). According to Klopfer, there are six conceptually distinct categories for the
affective domain, which are (Fraser, 1977; Fraser, 1978):
(1) “Manifestation of favorable attitude toward science and scientists”
(2) “Acceptance of scientific inquiry as a way of thought”
(3) “Adoption of scientific attitudes”
(4) “Enjoyment of science learning experiences”
(5) “Development of interests in science and science-related activities”
(6) “Development of interest in pursuing a career in science”

Using these categories, Fraser developed the Test of Science-Related Attitudes (TOSRA)
in 1977 (Fraser, 1977). The final version of the TOSRA consisted of seven scales
representing the six categories in Klopfer affective classification scheme (Fraser, 1978);
two scales were used to represent the first category, manifestation of favorable attitude
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toward science and scientists, and one scale was used for each of the other five
categories.
TOSRA has been widely used in the science education community since its
development more than 30 years ago (Jegede & Fraser, 1989; Khalili, 1987; Schibeci &
McGaw, 1981; Telli, Cakiroglu, & den Brok, 2006; Zhang & Campbell, 2011). Some
researchers have stated that TOSRA is the most widely used instrument for assessing
the science attitudes, with high reliability and validity evidence reported in different
studies (Zhang & Campbell, 2011). According to Smist and Owen (1994), TOSRA is “a
multidimensional instrument with a strong theoretical foundation.” These statements
make TOSRA an important attitudinal instrument for science education and a good
candidate to examine students’ attitude in a college setting.
TOSRA previous studies
Most of the research studies performed previously with TOSRA have looked at
students’ science-related attitudes in middle and high school. This instrument was first
used with Australian school students (Fraser, 1977, 1978; Schibeci & McGaw, 1981).
Fraser (1977, 1978) administered TOSRA to different samples of Australian students as a
way to gather validity and reliability evidence. He used the results from the first
administration to seventh grade students in 1977 to make further modification to the
scales included on the TOSRA. During the next administration in 1978, he gave the
instrument to students in grade 7-10, and used those results to provide evidence of the
instrument scores. Schibeci and McGraw (1981) administered the TOSRA to high school
students in Australia and provided further validity and reliability evidence for the use
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of TOSRA with this population. Later, TOSRA was used in cross validation studies with
high school students in Australia and the U.S. (Khalili, 1987) and Indonesia (Adolphe,
2002). Also, it has been used with middle and high school students in Turkey (Telli et
al., 2006), Nigeria (Jegede & Fraser, 1989), and U.S. (Welch, 2010). Its multiple uses have
provided a good amount of evidence for its use with middle and high school students;
however, very little is known about its use with college students. In 2011, Lay and
coworkers reported the use of TOSRA with pre-service science teachers in Malaysia and
found that in general, they had a positive attitude toward science (Lay & Khoo, 2011).
However because of limited research with college students, it has been questioned if
TOSRA is appropriate to use with this population (Dalgety, Coll, & Jones, 2003). Some
of the criticism focuses on the simplicity of its questions, since students at the college
level are expected to have a better understanding of science. Despite this criticism, it is
important to examine if TOSRA scores produce valid results for a general chemistry
population, so that the community has more information about the use of TOSRA at the
college level.
Various research studies have provided psychometric evidence, including
reliability evidence based on internal consistency and validity evidence based on
internal structure, for TOSRA scores (Adolphe, 2002; Fraser, Aldridge, & Adolphe, 2010;
Khalili, 1987; Schibeci & McGaw, 1981). The scores on assessments, such as TOSRA, are
often used to make curricular decisions (Holme et. al. 2010) and sometimes students
could even use these scores to make careers decisions, such as whether or not to stay in
STEM-related fields. Therefore, it is important to ensure that the interpretations of
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students’ scores when using these assessments are based on scores that apply similarly
for diverse students. Retention of students in STEM-related careers, especially of
underrepresented groups, is still of concern (Hurtado et al., 2010); thus, we need to
ensure that this instrument produce valid scores that apply similarly for
underrepresented students as well as for the rest of the students. This process is called
checking for measurement invariance. Measurement invariance is an important aspect
of validity evidence based on internal structure, and previous studies have not reported
this aspect of validity for the TOSRA.
Once there is some evidence suggesting that the TOSRA scores are valid for
different groups of students in a college chemistry course, we can use these scores to
look at the relationship of attitude with students’ performance in chemistry. In this case,
since TOSRA has not been used in college chemistry courses, it is of interest to look at
the possibility of this relationship with our group of students.
Attitude and chemistry achievement relationship
In the last decades, attitude has been proposed as one important construct in
science education since students should not only learn the concepts, but they should
also be interested in science. As a result, previous studies in science education have
looked at the relationship of achievement and attitude (Cukrowska et al., 1999; House,
1995; Weinburgh, 1995, Xu et al., 2013). Students’ science achievement in high school
has been found to be significantly related to their attitudes (Gooding et al., 1990). Other
studies with college chemistry students have reported positive relationships between
students attitude toward chemistry and their achievement in first year college chemistry
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using correlation analysis (Cukrowska et al., 1999), logistic regression analysis (House,
1995), and structural equation modeling (Xu et al. 2013).
Math prior knowledge and relationship with achievement
Another factor that has been considered important for chemistry achievement is
math prior knowledge (Spencer, 1996). Since we are interested in looking at the
relationship of attitude and chemistry achievement, including the contribution of math
prior knowledge to this relationship is important, so that we can have a better idea of
the relationship between them. One instrument used to measure math prior
achievement is the SAT, which is the most widely used college admission test in the
U.S. This test probes students’ prior knowledge in different subject areas, such as
reading, writing, and math. This test has been successfully used as a predictor of science
performance in college (Ewing, Huff, Andrews, & King, 2005), and the relationship
between the math area of the SAT (SATM), and students’ performance in college
chemistry has been well documented in previous studies (Lewis and Lewis, 2007, 2008;
Spencer, 1996; Wagner et al.,2002; Xu et al. 2013). One study found that SATM scores
were an important factor in determining students’ grades in college-level general
chemistry (Spencer, 2006). In other studies focused on college-level general chemistry,
Lewis and Lewis (2007) found a medium-size correlation between SATM scores and
ACS final exam score, and Xu et al. (2013) using structural equation modeling found a
strong positive effect of math prior knowledge on chemistry achievement.
TOSRA in our context
TOSRA involves, as discussed above, seven scales that represents six categories
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of Klopfer classification scheme. Although all of them are important for assessing
students’ science-related attitudes, three scales relevant to our context were chosen for
this study. The first scale is the normality of scientist. In general, this scale assesses
students’ beliefs about the lifestyle of a scientist. Previous studies have indicated that
students at different levels tend to have an unfavorable and sometimes a negative
attitude toward the scientist image (Schebi, 1996; Song & Kim, 1999). This negative
attitude could influence students’ decisions to pursue a degree in science (Kelly, 1987).
The second scale is attitude toward inquiry, which assesses students’ inclination
toward using inquiry as a method to perform scientific investigations on a classroom or
laboratory setting. This scale is important and relevant to our context since scientific
inquiry is used in many chemistry and science settings where students take more
responsibility for their learning and instructors act more as facilitator. Therefore, it is
important to know students’ preference toward inquiry because that could influence
students’ decision to continue in STEM-related careers.
The third chosen scale is career interest in science, which assesses students’
interest toward a career in science. This scale is important since one of our goals and the
science education goal is to understand factor that could influence students’ retention in
STEM; therefore this scale allows us to assess students at the beginning of their college
career. Previous studies have reported that 35% of students switch out of STEM after
their first year in college (Daempfle, 2003); thus assessing students’ interest in science
careers at this time could help us identify factors influencing their decisions.
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Present study
The goal of the present study is to examine students’ science-related attitude
scores in an introductory general chemistry course at the college level. Specifically, the
aim of this study is to examine several psychometric properties of TOSRA scores in a
college setting, including gathering validity evidence for internal structure and
relationship among variables. For this study, a shortened version of the TOSRA
instrument is used. The research purposes guiding this study are:
1. To examine the internal structure of the proposed model for the TOSRA
scores in an introductory college chemistry course.
2. To examine the measurement invariance of the shortened TOSRA scores by
sex and race/ethnicity.
3. To examine the relationship of the shortened TOSRA scores with chemistry
achievement and math prior achievement.

Method
Instruments
Attitude. Students’ science-related attitudes were measured using the Test of
Science-Related Attitudes (TOSRA) developed originally in 1978 by Fraser (Fraser,
1978). It consisted of 70 items arranged in seven distinct scales: social implications of
science, normality of scientists, attitudes toward inquiry, adoption of scientific attitudes,
enjoyment of science lessons, leisure interest in science, and career interest in science.
For this study, three scales were chosen. These scales were used in previous study as an
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intact instrument and validity evidence for its internal structure was gathered (Fraser et
al., 2010). The three scales are normality of scientists, which assesses one’s belief about
scientists’ lifestyle (Normality hereafter), attitudes toward inquiry, which assesses one’s
preference toward using inquiry in science investigations (Inquiry hereafter), and career
interest in science, which assesses one’s future interest in a career in science (Career
hereafter). The shortened instrument consists of 30 items measured in a 5-point Likert
scale. The 5-point Likert scale ranges from Strongly Agree (5) to Strongly Disagree (1),
where the middle point (3) corresponds to Not Sure.
Math prior knowledge. Students’ math prior knowledge was measured using the
SAT math scores, which is the quantitative part of the SAT (SATM hereafter). SAT is a
standardized test used in the U.S. as a college entrance exam. The SATM scores range
from 200 to 800. SATM scores have been found to have high internal consistency
coefficients (Cronbach’s alpha = 0.92) and good predictor of science performance,
making them widely used in academic research (Ewing et al., 2005).
Chemistry achievement. Achievement in general chemistry was measured using
a secure test from the American Chemical Society (ACS). Students’ scores on the FirstTerm General Chemistry Blended Examination from the Examinations Institute of the
American Chemical Society Division of Chemical Education (ACS exam hereafter) were
used. This exam consists of 40 questions divided into algorithmic and conceptual
questions (Examination Institute, 2005).
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Data collection and participants
Participants were students enrolled in an introductory chemistry course during
Fall 2010 at a large southeastern public research university. Students’ science related
attitudes were measured during the second week of classes using TOSRA. It was
administered as a paper and pencil test, and 15 minutes was given to the students to
complete it.
Demographic information for the participants in this study (N=1292) is shown in
Table 1. As presented in Table 6.1, there are 670 females (51.9%) and 622 males (48.1%)
in our sample. Regarding race/ethnicity, 56.2% are Whites, 17.4% Hispanics, 9.8%
Blacks, and 12.8% Asians.

Table 6.1. Demographic information (N=1292)
No. of students

Percentage

Sex
Female
Male

670
622

51.9
48.1

Race/Ethnicity
White
Hispanic or Latino
Asian
Black
Unknown
Others
American Indian or Alaskan Native

726
225
166
126
18
17
9

56.2
17.4
12.8
9.8
1.4
1.3
0.7

Data analysis
Descriptive statistics. Descriptive statistics were obtained using SAS 9.3. General
trends and univariate normality were assessed for each variable in TOSRA. Since one
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of our interests is examining students’ science related attitude by sex and
race/ethnicity, descriptive statistics and univariate normality for each group were also
examined.
General TOSRA psychometrics. Psychometric evidence was gathered for the
TOSRA scores by examining their internal consistency reliability and internal structure.
Internal consistency reliability as measured by Cronbach’s alpha was determined for
each of the three proposed scales of TOSRA using SAS 9.3. This reliability coefficient
allows us to examine if the items in each scale yield consistent scores. Although
Cronbach’s alpha cutoffs have been reported to be dependent on the test purpose
(Murphy & Davidshofer, 2005), the most common cutoff reported to determine if the
scores are sufficiently reliable for research purpose is 0.7 (Cortina, 1993; Murphy &
Davidshofer, 2005).
The internal structure of the scores was examined using Confirmatory Factor
Analysis (CFA), which has been recommended for use with instruments for chemistry
education (Arjoon et al., 2013). CFA was performed using MPlus 5.2 to estimate how
well the proposed model fits the data. In this case, the proposed model involves a threefactor solution, where each factor has 10 items. The proposed model was run using the
Robust Maximum Likelihood (MLR) estimator, which is a preferred estimator when the
data is a 5-point Likert scale and it is treated as ordinal instead of continuous for this
purpose. To determine if the proposed model had a good fit to the data, different fit
statistics guidelines were used such as Comparative Fit Index (CFI) greater than 0.90
and Standardized Root-Mean Squared Residual (SRMR) less than 0.08 (Cheng & Chan,
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2003; Hu & Bentler, 1999).
Measurement invariance. Another aspect related to validity evidence based on
internal structure is measurement invariance. In general, measurement invariance
addresses whether test scores measure the same construct in different populations
similarly. Measurement invariance helps us to determine whether differences observed
among groups are due to bias related to test construction or if those differences are real
differences among groups on the measured construct.
Measurement invariance by sex and race/ethnicity was examined according to
Raykov, Marcoulides and Li (2012) procedure (Raykov, Marcoulides, & Li, 2012). In this
procedure, two models are compared. The first model is one where all the parameters
are freely estimated for each group, configural invariance. The second model is one
where both factor loadings and intercepts are set to be equal across groups, strong
invariance. The two models are compared using fit statistics and their guidelines,
similarly to CFA procedure, to determine if the models are plausible and if
measurement invariance is plausible for the proposed models for each different group.
The measurement invariance analysis was performed using MPlus 5.2 and with the
MLR estimator.
Relationship with other variables. The relationship of the TOSRA scales with
chemistry achievement and math ability was investigated using Structural Equation
Modeling (SEM). SEM is a multivariate technique that allows the study of complex
relationships among variables (Kline, 2010; Xu et al., 2013). This data analysis approach
helps the researcher to answer questions related how these variables relate to each other
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and how well a proposed model of these relationships fits the data. The model was
performed using MPlus 5.2 and with the MLR estimator.

Results and Discussion
Descriptive statistics
Descriptive statistics was obtained for the set of variables used in this study. As
shown in Table 2, the mean for each variable included in TOSRA (Normality, Attitude,
Career) ranged from 3.52 to 3.83 on a 5-point Likert scale where 3 indicates Not Sure
and 4 indicates Agree. In general, students in this sample have a slightly positive
perception of their attitude toward science as measured by the three scales in TOSRA.
The mean for the ACS exam was 26 points out of 40 possible points, and for the SATM
the mean was 593. Univariate normality was assessed for the set of variables via
examination of the skewness and kurtosis for each variable. As shown in Table 6.2, all
the variables seem to follow an approximately normal distribution according to their
skewness and kurtosis values of less than ± 1.

Table 6.2. Descriptive statistics for all students participating
Scale
N
Mean
STD
Min
Max
Skewness
Normality 1292
3.83
.51
1
5
-.30
Inquiry
1292
3.75
.70
1.1
5
-.56
Career
1292
3.52
.75
1.3
5
-.40
ACS exam 1130
26.04
6.75
7
40
-.15
SATM
1059
593
78
370
800
-.10

Kurtosis
.64
.50
-.09
-.51
-.05

General TOSRA psychometrics
CFA. Evidence for the internal structure of the TOSRA was gathered using
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Confirmatory Factor Analysis. This analysis was performed on the TOSRA scores to
determine if the proposed model for the TOSRA, a 3-factor solution where each factor
consists of 10 items, fits the data. The factor loadings were examined, and it was
observed that for most of the items, the loadings seemed reasonable and all loadings
were significant. To assess the model fit, different fit indices were considered, as shown
in Table 6.3. According to Table 6.3, Model 1, the proposed model, fits the data in an
acceptable way, but the model presents some misfit as shown by the significant Chisquare.
In order to identify misfit in the model, the modification indices were examined.
Modification indices revealed that some items had problems. Most high modification
indices were due to item redundancy, e.g. items within a construct were worded very
similarly. After evaluating the items with high modification indices, two items from
each scale were deleted from the model. For example, two items that were associated
with the highest modification index were item 15, “A career in science would be dull
and boring.” and item 21, “ A job as a scientist would be boring. Both were indicators of
the Career factor, the high modification index indicated that only one was really needed
to capture the response. The CFA was performed again for the sample with 24 items.
All the items have significant loadings. The fit statistics indicate a better fit for the
revised model as shown in Table 6.3, Model 2. For the purpose of this study and
subsequent data analysis, the 3-factor model with 24 items will be used.
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Table 6.3. Chi-Square (χ 2) Test of Model Fit and Fit Indices from CFA
Model
χ2
df
p-value
CFI
SRMR
RMSEA
1
1570
402
.000
.920
.040
.047
2
825
249
<.001
.944
.037
.042
2
Note: χ = Chi-square, df = degree of freedom, CFI = Comparative Fit Index, RMSEA = Root Mean
Square Error Of Approximation, SRMR = Standard Root Mean Square Residual

Reliability. Internal consistency reliability was assessed using Cronbach’s alpha
coefficient. Cronbach’s alpha for each scale in the TOSRA was obtained for both models
(30 items and 24 items). As shown in Table 6.4, the values for the Cronbach’s alpha are
all higher than .70 even with the shortened instrument, which indicates good internal
consistency reliability for the three scales.

Table 6.4. Cronbach’s alpha for both models (N=1292)
Cronbach’s alpha
Cronbach’s alpha
Scale
(30 items)
(24 items)
Normality
.778
.772
Inquiry
.891
.869
Career
.891
.852
Measurement invariance. In general, scores from the three scales of the TOSRA
suggest that students have slightly positive attitude toward science, as defined by the
instrument used. Table 6.5 presents the descriptive statistics for all students in the
sample for the 24-item model. As very similar to Table 6.2, we can observe that the
means range from 3.51 to 3.91, and the distributions are approximately normal
according to skewness and kurtosis values.
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Table 6.5. Descriptive statistics for the TOSRA scales (24 items model)
Scale
N
Mean
STD
Min
Max
Skewness Kurtosis
Normality 1292
3.91
.54
1
5
-.33
.55
Inquiry
1292
3.76
.72
1.1
5
-.56
.35
Career
1292
3.51
.73
1.3
5
-.41
-.05
Note: χ2 = Chi-square, df = degree of freedom, CFI = Comparative Fit Index, RMSEA = Root Mean
Square Error Of Approximation, SRMR = Standard Root Mean Square Residual

However, it is important to examine if these positive slightly results observed for
our sample on each subscale hold for different groups of students. For example, we are
interested to know if there are any differences between females and males regarding
their science-related attitude. Before we turn to that question, we want to examine if
males and females respond in a similar manner to items on the TOSRA. We have
similar questions about the different racial/ethnic groups within our population.
Therefore, we examined the measurement invariance of the proposed model for
different groups of students.
Descriptive statistics for group comparisons. Descriptive statistics for females
and males are shown in Table 6.6. The means for each scale are similar for each group,
with females having a slightly higher perception of the normality of scientist scale than
males with an small effect size (d=.15), according to the Cohen’s guidelines to interpret
the magnitude of the effect size (Cohen, 1988).
Table 6.6. Descriptive statistics by sex
Sex
N
Scale
Mean STD
Normality
3.95
.53
Females 670
Inquiry
3.76
.70
Career
3.52
.73
Normality
3.87
.55
Males
622
Inquiry
3.78
.74
Career
3.50
.74
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Min
1
1.4
1.3
1.8
1.1
1.3

Max
5
5
5
5
5
5

Skewness Kurtosis
-.34
1.05
-.51
.25
-.46
.01
-.29
.11
-.61
.45
-.35
-.10

Descriptive statistics for different racial/ethnic groups are shown in Table 6.7.
Because of small sample size of some of the racial/ethnic groups, only Whites,
Hispanics, Asians and Blacks are included for further analysis. Asians have the lower
mean for Normality and Inquiry scales when compared to the other racial/ethnic
groups; however, in general there are not large differences between groups of students
in their science related-attitudes. It is important to check that all differences or lack of
differences observed for groups of students are real and not an artifact of the instrument
used to measure the construct of interest, in this case students’ science-related attitudes.

Table 6.7. Descriptive statistics by race/ethnicity.
Race/Ethnicity
N
Scale
Mean
Normality
3.95
Whites
726
Inquiry
3.76
Career
3.52
Normality
3.93
Hispanics
225
Inquiry
3.80
Career
3.49
Normality
3.77
Asians
166
Inquiry
3.67
Career
3.48
Normality
3.81
Blacks
126
Inquiry
3.88
Career
3.48

STD
.56
.73
.77
.53
.76
.71
.55
.66
.68
.45
.64
.68

Skewness Kurtosis
-.41
.87
-.68
.65
-.44
-.14
-.31
.15
-.52
.07
-.37
.07
-.31
.29
-.30
-.30
-.38
.12
.05
.01
-.24
-.45
-.23
.26

CFA for multiple groups. In order to determine if the instrument is working
similarly for different groups of students, we examined measurement invariance.
According to the process described by Raykov, Marcoulides and Li (2012), the first step
is to run separate CFAs for each group that is being compared. In this step, all the
parameters are freely estimated (Raykov et al., 2012). The second step called strong
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invariance is to constrain both the factor loadings and the intercepts to be equal across
the different groups. For both steps, the model fit is assessed using fit statistics and the
proposed guidelines for fit used to assess any other CFA analysis.
Measurement invariance was examined by sex as shown in Table 6.8. For the first
step, fit indices for both models (females and males) showed a reasonable fit as
measured by the CFI, SRMR, and the RMSEA values. For the second step (strong), we
can see that having the new constraints in the model does not change the interpretation
of the model fit, which indicates that the measurement invariance by sex is plausible.
One interesting result is that, when examining the factor means for the two groups of
students in the strong model, we can observe a significant difference in the factor means
(0.200) for the Normality scale. This significant difference indicates that in our sample,
females tend to have a more positive belief about scientists’ lifestyle than males, and the
difference seems to be real and not an artifact of the instrument used.

Table 6.8. Chi-square (χ 2) test of model fit and fit indices: Measurement invariance
by sex.
Model
χ2
df
p-value
CFI
SRMR
RMSEA
Females
482
249
.000
.943
.044
.037
Males
451
249
.000
.948
.042
.036
Strong
1009
540
.000
.942
.050
.037
2
Note: χ = Chi-square, df = degree of freedom, CFI = Comparative Fit Index, RMSEA = Root Mean
Square Error Of Approximation, SRMR = Standard Root Mean Square Residual

Measurement invariance was also examined by race/ethnicity. The fit statistics
for each model are shown in Table 6.9. For three of the groups, the fit indices suggest an
acceptable fit; however for Blacks there is a lack of fit. These results indicate
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measurement invariance is not plausible for Blacks in our sample; therefore we cannot
make claims about differences between Blacks and other racial/ethnic groups on this
set of variables. Since the measurement invariance did not hold for Blacks, the strong
invariance procedure was not performed.

Table 6.9. Chi-square (χ 2) test of model fit and fit indices: Measurement invariance
by race/ethnicity.
Model
χ2
df
p-value
CFI
SRMR
RMSEA
Whites
544
249
.000
.942
.042
.040
Asians
310
249
.005
.928
.061
.038
Hispanics
371
249
.000
.919
.059
.047
Blacks
402
249
.000
.797
.090
.070
2
Note: χ = Chi-square, df = degree of freedom, CFI = Comparative Fit Index, RMSEA = Root Mean
Square Error Of Approximation, SRMR = Standard Root Mean Square Residual

Individual scales. Since the measurement invariance for the three-scale TOSRA
did not hold for Blacks, it is important to examine whether the measurement invariance
does not hold for all the scales or whether is for any specific scale. The next step in the
analysis is to examine the measurement invariance for each scale by sex and
race/ethnicity. Before examining the measurement invariance, evidence for internal
structure was gathered for each scale. A separate one-factor solution CFA was run for
the eight items representing each scale, normality of scientist, attitude toward inquiry
and career interest in science. The model fit for each CFA suggests a reasonable fit when
the different fit indexes presented in Table 6.10 are examined.
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Table 6.10. Chi-square (χ 2) test of model fit and fit indices: CFA for each scale.
Model
χ2
df
p-value
CFI
SRMR
RMSEA
Normality
81.45
20
.000
.954
.031
.049
Inquiry
98.90
20
.005
.970
.027
.055
Career
110.03
20
.000
.963
.027
.059
2
Note: χ = Chi-square, df = degree of freedom, CFI = Comparative Fit Index, RMSEA = Root Mean
Square Error Of Approximation, SRMR = Standard Root Mean Square Residual

Since there is some validity evidence for the internal structure of each scale of the
TOSRA using a one-factor solution, the measurement invariance by sex and
race/ethnicity was performed for each scale as well. The measurement invariance by
sex for each scale was assessed and as presented in Table 6.11, the fit indices for males
and females models as well as the strong model for each scale suggest an acceptable fit.
Thus measurement invariance by sex for each of the three scales of the TOSRA is
plausible and no problems were observed for these two groups of students.

Table 6.11. Chi-square (χ 2) test of model fit and fit indices: Measurement invariance
by sex for each scale
Scale
Model
χ2
df
p-value
CFI
SRMR
RMSEA
Females
52.45
20
.000
.954
.034
.049
Normality
Males
60.32
20
.000
.939
.039
.057
Strong
136.38
54
.000
.939
.054
.049
Females
70.14
20
.000
.962
.031
.061
Inquiry
Males
48.09
20
.000
.979
.048
.026
Strong
139.17
54
.000
.968
.043
.049
Females
69.61
20
.000
.960
.031
.061
Career
Males
64.39
20
.000
.963
.030
.060
Strong
169.00
54
.000
.953
.052
.057
2
Note: χ = Chi-square, df = degree of freedom, CFI = Comparative Fit Index, RMSEA = Root Mean
Square Error Of Approximation, SRMR = Standard Root Mean Square Residual
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The measurement invariance by race/ethnicity was also examined for each scale.
The model fit indices for each scale and each race/ethnicity group is shown in Table
6.12. After assessing their model fit, the normality of scientist scale presents a misfit for
Blacks. This misfit for Blacks in the normality scale suggests that the measurement
invariance does not hold for this scale; however, it holds for the other two scales,
Inquiry and Career since the model fit is acceptable for them. These results suggest that
there is a problem for the Normality scale; therefore this scale should not be used to
interpret differences based on race/ethnicity. Future analysis on this scale should
include interviews to examine students’ understanding and interpretation of this scale
including possible differences within different groups of students.

Table 6.12. Chi-square (χ 2) test of model fit and fit indices: Measurement invariance
by race/ethnicity for each scale.
Scale
Model
χ2
df
p-value
CFI
SRMR
RMSEA
Whites
50.01
20
.000
.967
.030
.045
Asians
19.71
20
.476
1.00
.039
.000
Normality
Hispanics
29.64
20
.076
.951
.045
.046
Blacks
47.67
20
.001
.686
.073
.105
Whites
70.13
20
.000
.962
.029
.059
Asians
36.99
20
.012
.927
.052
.072
Inquiry
Hispanics
33.45
20
.030
.974
.034
.055
Blacks
27.11
20
.132
.974
.040
.053
Strong
236.90
122
.000
.957
.070
.055
Whites
91.14
20
.000
.953
.032
.070
Asians
18.31
20
.567
1.00
.032
.000
Career
Hispanics
43.49
20
.002
.944
.044
.072
Blacks
23.68
20
.257
.978
.044
.038
Strong
247.37
122
.000
.951
.064
.058
Note: χ2 = Chi-square, df = degree of freedom, CFI = Comparative Fit Index, RMSEA = Root Mean
Square Error Of Approximation, SRMR = Standard Root Mean Square Residual
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SEM. After gathering validity evidence for internal structure, the proposed
model was used to examine the relationship of students’ science related attitudes with
achievement in chemistry as a way to gather evidence based on relationship with other
variables. Since TOSRA has been widely used as a measure of attitude, it is interesting
to look at these relationships so that it can be compared with other measures of attitude.
However, since the measurement invariance did not hold for all groups of students, the
relationship with achievement in chemistry was performed using the two scales for the
TOSRA that have evidence for measurement invariance, inquiry and career. Structural
Equation Modeling was used to find the relationship between achievement in chemistry
and Inquiry and Career (as attitudinal scales) as shown in Figure 6.1. For this model,
race/ethnicity and math prior achievement were added as predictors to the model to
examine their influence on this relationship. The overall fit for this model is adequate
even though it has a significant χ2 (131)=392, p=.000 that arises from the large sample
size in the study. Other fit indices showed that the model fits the data reasonable well,
such as the CFI value (.937), the SRMR value (.109) and the RMSEA value (.050). 48% of
the variance is explained by the set of variables in the model.
The standardize parameters estimates from the model is shown in Figure 6.1.
The SEM model consist of two parts, the measurement model which included the two
scales on the TOSRA with their items and the path model which consisted of the
different relationships between achievement in chemistry and the predictors, TOSRA
scores, math prior knowledge, and race/ethnicity. For race/ethnicity, three dummy
variables representing the racial/ethnic group were added. The three variables are
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Asians, Hispanics, and Blacks. For the measurement model, each item loaded
significantly in their respective factors with most of the loadings ranging from 0.55 to
0.81. The relationship between the two TOSRA scales, inquiry, and career was also
examined (not presented in the figure). The relationship between the two scales was
significant, and the correlations were 0.42 between inquiry and career. This correlation
represents moderate relationship between the two scales.
The relationship between achievement in chemistry with the two scales from the
TOSRA and math prior achievement was also examined. All the standardize path
coefficients between them achieved significance; however the path coefficients for the
two scales in the TOSRA with achievement are small. The path coefficient between
inquiry and achievement is -.12 with an effect size (ƒ2) of .02, which indicates a small
influence of students’ attitude toward inquiry and achievement according to Cohen’s
rough guidelines (ƒ2= 0.02, 0.15, 0.35 for small, medium and large effect size,
respectively) (Cohen, 1988). For career, the path coefficient is .23 with an effect size of
.06, which indicates a small influence of students’ career interest on achievement. The
only predictor with a large effect size on achievement is math prior knowledge (ƒ2=.81),
which is similar to effect reported on other research study where achievement has been
predicted using a measure of attitude and math prior knowledge (Xu et al., 2013).
However this large effect size has to be taken with caution because at is has been
reported on X. Xu et al. (2013), the lack of other predictors such as chemistry prior
knowledge on the model, could lead to an overestimation of the influence of math prior
knowledge to achievement.
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The relationship of achievement with race/ethnicity was also examined. In this
case, the standardize path coefficients between the three dummy variables, Asians,
Hispanics, and Blacks, and the two TOSRA scales are small and non significant (n.s.) as
shown in Figure 6.1. The relationship between the race/ethnicity with achievement was
also non significant (not presented on the figure). These non-significant effects indicate
that there are no group differences on the TOSRA scales, Inquiry and Career, or in
achievement by race/ethnicity. The correlation between each racial/ethnic group and
math prior knowledge was also examined in the model. These correlations are small but
significant differences were found on students’ math prior knowledge by
race/ethnicity. However, once we control for math prior knowledge in our model, the
relationship with TOSRA scales and achievement become not significant.

SATM

Math prior
knowledge

.96

.67

Achievement
R2 = .48

-.049 (n.s.)

Asians

-.013 (n.s.)
.68 .58 .61

T2

T5

T8

T11

.55 .75 .74 .77 .70

T14

T17

T20

.059 (n.s.)

T29

-.008 (n.s.)

Career

-.038 (n.s.)

Hispanics

Blacks

Figure 6.1. SEM model
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.23

-.12

Inquiry
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-.060 (n.s)

T3

.72 .62 .71 .74 .33 .79 .81 .80

T6

T9

T12

T18

T21

T24

T27

Conclusions and implications
The use of instruments to evaluate curriculum, courses or policies is very
common (Holme et al. 2010). The instrument scores are used to make interpretations
that could have an impact on different group of students. The decisions based on those
interpretations could influence students’ decisions to continue or not into STEM-related
fields. In this study we looked at one attitudinal measure, the Test of Science-Related
Attitudes (TOSRA) to gather some validity evidence for its use at the college level, in
particular, we were interested in examining if the internal structure of the model holds
for this population and for different group of students including underrepresented
groups in STEM-related fields.
In general, three research purposes guided this study. The first research purpose
examined the internal structure of the TOSRA with college chemistry students. It was
found that the internal structure of the shortened version of the TOSRA holds for the
overall group of students. Two models were proposed for the shortened version of the
TOSRA. The first proposed model has three factors where each factor has ten items
each. Although the model fit for this first model was reasonable for our population,
redundancy among items was a problem; thus a second model, three factors model with
eight items each, was proposed and tested. This second model fits the data reasonably
better, and it was the model used for further analyses.
Since the internal structure of the instrument holds for our population, the
second research purpose was to explore if that internal structure still holds when
focusing on different group of students. In this case, the measurement invariance was
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performed by sex and race/ethnicity. For sex, the measurement invariance was
plausible, which allow us to make comparisons between females and males in our
population. In this case, we found that females tend to have a more positive attitude
toward the scientist lifestyle than males, which is a surprising finding since the
expectation is that males would be the one with more positive attitudes toward this
lifestyle. For race/ethnicity, the measurement invariance was not plausible for Blacks.
In this case, there is no evidence that the internal structure holds for all the racial/ethnic
groups in our population. The results suggest that making interpretation based on this
instrument may not apply similarly to all students in our population, especially for
Black students in our sample. Further measurement invariance analysis revealed
problems for the normality of scientists scale with Black students. However, the results
suggest that for the other two scales, attitude toward inquiry and career interest in
science, the measurement invariance is plausible by race/ethnicity in our sample.
The third research purpose used SEM to evaluate the relationship between
achievement and the two scales of TOSRA taking into consideration math prior
knowledge and race/ethnicity. The results indicated a small but significant influence of
attitude toward inquiry and career interest on achievement when adding math prior
knowledge and race/ethnicity as predictors. However, the biggest influence on
achievement came from the math prior knowledge as measured by the SATM. The
relationship between race/ethnicity with TOSRA scales and with achievement was non
significant suggesting that there are no group differences on these variables, which is
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comparable with results obtained from descriptive statistics and from the measurement
invariance analysis.
This study has some limitations. First, the sample was drawn from a unique
population of introductory chemistry in a single semester, thus the results presented in
this study might not be representative of other populations. Second, the sample size of
our underrepresented groups, Blacks and Hispanics is small. Third, three predictors,
attitude toward inquiry, career interest in science and math prior knowledge, were
included in the SEM model. Additional predictors or models were not explored as part
of this study.
Despite the limitations in this study, there are several implications for chemistry
education researchers. This study represents one attempt to gather validity evidence
based on the internal structure by sex and race/ethnicity and relationship with the
variables; however the models in this study, including for measurement invariance and
for SEM, need to be replicated in another context. The new context could include
different science courses, university types, and different countries. Furthermore, since
we are interested in underrepresented groups in STEM, a replicate of the study with a
bigger sample of underrepresented groups is needed to have a better understanding of
the psychometric properties of the scores of the TOSRA for the different groups of
students. Also, additional validity evidence such as response process should be
gathered in the future to have some evidence of how students, especially
underrepresented groups are interpreting the items in each scale of the instrument,
which will help us to get some insights of the reasons the Normality scale is not
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working properly with Blacks students. For the SEM model, other factors that can
influence students’ achievement in chemistry could be added to the model as a way to
explain better the relationship and to improve the prediction. Other possible factors that
have been suggested as factors that can influence students’ achievement in chemistry
are prior conceptual knowledge (Seery, 2009; Wagner et al., 2002; Xu et al., 2013), selfefficacy (Merchant et al., 2012; Nieswandt, 2007), and instructional strategies (Merchant
et al., 2012; Schroeder, Scott, Tolson, Huang, & Lee, 2007). In general, more work is
needed to capture and understand the different factors that can potentially influence
students’ achievement in chemistry.
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CHAPTER VII:
Conclusions and Implications

The work presented in this dissertation involves three research studies where
assessments were used in college chemistry courses to assess students’ prior content
knowledge, chemistry self-efficacy, and attitude. Each study is a step forward in the
interest to understand the factors that can potentially influence students’ decisions to
stay or leave STEM fields. In the current work, the issue of retention has not been
directly addressed; however, it has looked at three different instruments that can be
used to investigate potential reasons for attrition. This work has addressed the need to
have good and robust instruments as a first step. Having instruments that produce
reliable and valid scores is important, because it allows researchers to make valid
interpretations that can then be used to make classroom or curriculum decisions that
will influence students’ decisions to stay or not in STEM. Also, students’ scores for each
instrument in each study were used to have information about the students.
In this work, three factors have been studied that could potentially influence
students’ retention in STEM-related fields.

During the first study, students’ prior

knowledge when entering biochemistry was assessed. For this study, an instrument
used as pre/post test was developed and used to assess students’ incorrect ideas about
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foundational concepts from general chemistry and biology. Findings indicated that
students had persistent incorrect ideas for two concepts, bond energy and protein alpha
helix structure. Identifying students’ incorrect ideas at the beginning and at the end of
a course can be helpful when assessing courses and curriculum. Students’ incorrect
ideas can be very crucial for students’ understanding of different concepts covered in
the class, but if students have problems understanding these basic concepts, they will
struggle with more advanced concepts. This situation can be critical for students
because it can affect their performance in the course, and eventually, it can also affect
their decisions to stay in the course. If students lack correct pre-requisite knowledge
and instructors do not take this lack into account in their instruction, students are more
likely to struggle and even fail.
In this study, data were collected from different institutions across the U.S.;
however, one limitation is the lack of information about students’ overall performance
in the biochemistry course, which limits the ability to examine whether there was any
relationship between students’ performance on the pre/post test and students’ overall
performance in the course. Another limitation is the small sample size of
underrepresented minority groups, such as Blacks and Hispanics, in the sample, which
did not allow us to examine the incorrect ideas of these particular groups of students.
Despite these limitations, this research study has implications for researchers and
practitioners. For researchers that wish to develop concept inventories, a development
model has been provided where a community of biochemistry instructors as well as
experts in chemistry and biology have been involved. This model includes having three
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items with different context for each tested concept, and using common incorrect ideas
as distracters across the three items. For practitioners, the study has provided an
instrument that can be used as formative assessment in the classroom. Information
obtained with this instrument allows instructors to be more reflective about what
students’ know and what difficulties they have, so they make changes to instruction as
needed. As shown in this study, sometimes instruction alone is not enough to help
students overcome persistent incorrect ideas, as is the case for the structure of the alpha
helix and bond energy concepts. Therefore it is important that instructors are aware of
the persistence of students’ incorrect ideas, so that they can plan specific activities
targeted to help students with these concepts. For example as part of this research
study, additional activities were developed and used in the classroom to address
directly students’ difficulties understanding the concept of the alpha helix (Loertscher et
al., 2014). However, an activity by itself will not help students unless students are
aware of their own ideas or conceptions about the concept before new knowledge is
introduced and learned (Nussbaum & Novick, 1982).

Instructors can use this

instrument to provide an environment for students to be aware of their ideas and
confront them if they are incorrect. Even beyond the concepts in the instrument, one
way students can confront their incorrect ideas is to work with peers where they can
expose their views on a concept and in that way discuss any discrepancy they have.
Another way is to have whole class discussions where the different ideas are exposed
and students can evaluate each of them (Davis, 2001). Students with incorrect ideas will
have a conceptual conflict when they are aware that there is a problem with that idea
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and will be more open to changing it, creating an opportunity for conceptual change to
happen (Davis, 2001; Nussbaum & Novick, 1982; Strike & Posner, 1992).
For the second research study, chemistry self-efficacy was examined throughout
a semester in a college preparatory chemistry course. This course is one that serves as a
bridge for students to continue into general chemistry. If students do not succeed in this
course, they will have problems continuing to advanced courses, which will increase
their probability to give up and even change their majors. This course is also important
because the proportion of underrepresented minorities is higher than in other chemistry
courses; thus it was important to look at the chemistry self-efficacy trends during a
semester of a preparatory chemistry course specifically for underrepresented students.
The findings of this study indicated that Black and Hispanic males have a negative
chemistry self-efficacy trend during the semester when compared with White males.
Their expected chemistry self-efficacy at the beginning of the semester was very high in
comparison with the other groups; hence questions about what this results means in
terms of their confidence remained.
An additional analysis involving students’ grade z-scores and CSE z-scores was
performed (see Appendix E) to examine the possibility of overconfidence for these two
groups of students, Black and Hispanic males. The results of this analysis suggested
that for Black males, overconfidence seems a plausible explanation, since there is a gap
between students’ grades and their CSE at the beginning of the semester. At the end of
the semester, it can be observed that the gap is closed, and their grades and CSE concur,
which could indicate that students become more aware of what they can do and what
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they know by the end of the semester. For Hispanic males, overconfidence does not
seem to be the reason for their negative trend. The grades for Hispanic males are higher
in comparison with other groups; however, at the end of the semester, it can be
observed that, even though there were not a lot of changes in their grades, CSE started
decreasing after the second time point and did not recover. This trend observed for
Hispanic males suggested that their grades do not seem to be a factor in the decrease of
their CSE in contrast to for Black males. Overall, the findings for this study highlight
the importance of researchers and educators to be aware of potential differences in selfefficacy trends among underrepresented groups since it has been shown that selfefficacy can be a factor affecting students’ retention in STEM-related fields.
This study has some limitations. First, the sample is a convenience sample drawn
from one institution and from one semester. Second, the sample size for some
racial/ethnic groups is small, which limits the generalizability of the results for these
groups of students. Third, the results in this study are based on quantitative data only,
which limits the understanding of the results obtained.
These limitations are the base for future research and implications. In order to
understand the trends observed for our group of students, qualitative data such as
interviews should be gathered. Future studies should involve interviews to explore the
relationship between students’ performance in the course and their chemistry selfefficacy. For example, for Hispanic males it will be very interesting to research what
other factors are contributing to the decrease of CSE. Other studies could focus on
examining the gaps observed between CSE and grades. According to a recent study,
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this gap can be a reflection of the Dunning-Kruger effect, where students have a
misperception of their ability (Pazicni & Bauer, 2014). Pazicni and Bauer found that low
performing students in general chemistry tend to overestimate their own performance,
while high-performing students tend to underestimate their performance. Similar
trends were observed for CSE and grades for Black and Hispanic males. Black males
tend to overestimate their competence (as measure by CSE) in relationship with their
performance at the beginning of the semester; while Hispanic males tend to
underestimate their competence (as measured by CSE) in relationship with their grades
at the end of the semester. Therefore, it will be very interesting to examine the DunningKruger effect with a diverse group of students to see if the results can be compared to
the CSE trends obtained for the URMs in this dissertation work. It is also important to
interview students to have some insights about students’ perceptions of their chemistry
self-efficacy and the role of the different sources of self-efficacy are playing in the trends
observed for the different group of students. According to Bandura, there are four
different sources of self-efficacy (Bandura, 1997). One of the sources is mastery
experience, and this source refers to the experience a person has performing a given
task. Vicarious experience refers to a person’s perception of performing a given task
because someone similar to him or herself can do it.

The third source is social

persuasion, and this source takes place when a person is encouraged by someone else to
perform a given task. The last source is psychological states, and it refers to the anxiety
that a person must face when performing a given task.
Some of the implications for researchers involve the replication of this study with
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other populations to see whether variations in trends are observed. For educators, it is
important to be aware of potential differences in confidence that the students could
have when solving chemistry tasks. Since students with strong self-efficacy will be more
likely to try a challenging task (Britner & Pajares, 2001; Margolis & McCabe, 2003;
Zeldin, Britner, & Pajares, 2008), it is very important that the instructor provide an
environment that could help students to strengthen their confidence, without
overestimating what they can do. Since there are different sources of self-efficacy, each
of them can provide some insights about potential strategies that instructors can use.
For example one source is mastery experience; thus, if students need to build their
chemistry self-efficacy, scaffolding activities and problems from easy to hard can help
students to feel confident about what they can do. Gaining vicarious experience by
working in groups can help students to feel more confident when they see their peers
doing and succeeding in similar tasks. Another source of self-efficacy is social
persuasion, and the instructors can play an important role here. Instructors should
encourage students to try and succeed on the task, should provide constructive
feedback, and should motivate students to continue working hard. All of these
recommendations suppose students have low self-efficacy, but we have seen this is not
always true. If students have strong self-efficacy, they will benefit from metacognitive
activities where students can become more realistic of what they know and what they
can do (Lopez, Nandagopal, Shavelson, Szu, & Penn, 2013; Pazini & Bauer, 2014). In
either case, measuring levels of self-efficacy can help instructors plan diversified
instruction.
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For the third research study, science-related attitudes were examined in a
general chemistry course. One of the goals of science education is not only to help
students learn, but also to get them interested in science. Attitude has been a construct
that has been widely studied as a factor that could affect students’ achievement and
retention in STEM (Cukrowska et al., 1999; House, 1995; Xu et al., 2013). In this study, a
measure of science-related attitudes was used. However, this initial study focused more
on gathering validity evidence based on internal structure, since this instrument had
not previously been used in college chemistry. Examining validity evidence is the first
step before we can make any interpretation based on students’ scores. In this study, the
internal structure of the instruments’ scores was investigated for all students and then,
for diverse groups of students based on sex and race/ethnicity. The findings suggested
that the internal structure for this instrument holds for the overall group of students
and by sex, but not for Black students, which suggest that comparisons among
racial/ethnic groups may not be wise at this stage. However, further analysis found
that for two of the scales, attitude toward inquiry and career interest in science,
measurement invariance was plausible by race/ethnicity in the sample, so comparisons
are reasonable for these two scales. Then using these two scales it was found that they
had a small but significant influence on achievement when taking into consideration
math prior knowledge and race/ethnicity, and 48% of the variance was predicted by the
set of predictors. However, there is no evidence of a difference on the set of variables,
achievement, Inquiry and Career by race/ethnicity. This study has some limitations,
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such as using a convenience sample where only data from one semester was collected
and having small sample size for some of the groups.
Despite the limitations, this study highlights the importance of examining if the
scores apply similarly for different groups of students. Researchers should be aware
and check for this type of validity evidence more often when using instruments’ scores
to make decisions about different group of students, because those decisions may not
affect to all of students in the same way. This study should be replicated with other
populations to gather more evidence for the internal structure, in order for us to make a
more informed decision as to whether or not this instrument should be used at college
level with diverse students.
Each study presented in this dissertation has some limitations that affect the
generalizability of the findings and in some cases, the type of psychometric evidence
that can be collected. One of the limitations when working with underrepresented
groups is the small sample size. In the three studies, there is a need to collect more data
with underrepresented groups to examine if the findings reported in this work apply to
other samples. Another limitation is the need to triangulate the data with other sources,
such as interviews, that will help us to understand students’ responses to these
assessments and how these factors could influence retention of students. Also, these
studies and instruments used in this work can benefit from gathering more validity and
reliability evidence, for example, validity evidence based on response processes. This
type of evidence could be gathered through cognitive interviews and can provide
information about the items in the instruments and into the respondents’ thought
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processes when responding to test items. This process will help researchers to
examining if the items are probing what it is intended for the instrument and whether
changes need to be made or not to those items.
Despite having these limitations, these three studies together highlight the
importance of assessments and gathering psychometric evidence before using their
scores to make interpretations that could affect students’ decisions to stay in STEM
fields. Each study provides information about the internal structure of the instruments’
scores as well as students’ responses. This work has also highlighted the importance of
looking at different groups of students, such as the underrepresented groups, since
their trends and responses may be different. Being aware of students’ diverse needs will
help us to understand some of the challenges that students face in the chemistry
classroom. Understanding some of these challenges will help instructors be more
prepared to teach diverse students.
More importantly, this dissertation has looked at three factors that can
potentially affect students’ retention in STEM-related fields. Each study has provided
psychometric evidence for the use of different assessments in the context of college
chemistry courses. These are all assessments that instructors can use in large lecture
classrooms, where interviewing students to learn what they know and how confident
they are can be complicated. Instructors can use these instruments to assess their own
students at the beginning of the semester. The information gathered with these
instruments will allow instructors to make targeted interventions to help students learn
and/or be more confident on a given task. As chemistry instructors, we should always
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strive to help students learn and be successful in a way that they can feel competent and
stay on the path toward a STEM-related career. Having instruments that we can rely on
to make decisions about instruction and curriculum is important. However, this work is
just a small part of the general effort to understand factors that could influence
students’ decisions. More work is needed to move forward with our intention to
increase the number of students that graduate in STEM-related fields, especially,
increasing the number of underrepresented groups in this area.

References
Britner S. L., and Pajares F., (2001), Self-efficacy beliefs, motivation, race, and gender in
middle school science, J. Women Minor. Sci. Eng., 7(4), 15.
Bandura, A. (1997). Self-Efficacy: The exercise of control. New York: W. H. Freeman.
Cukrowska, E., Staskun, M. G., & Schoeman, H. S. (1999). Attitudes towards chemistry
and their relationship to student achievement in introductory chemistry courses.
South African Journal of Chemistry-Suid-Afrikaanse Tydskrif Vir Chemie, 52(1), 8-14.
Davis, J. (2001). Conceptual Change. In M. Orey (Ed.), Emerging perspectives on
learning, teaching, and technology. Retrieved from http://epltt.coe.uga.edu/.
House, D. J. (1995). Noncognitive predictors of achievement in introductory college
chemistry. Research in Higher Education, 36(4), 473-490.
Loertscher, Jennifer, Villafañe, Sachel M., Lewis, Jennifer E., & Minderhout, Vicky.
(2014). Probing and improving student's understanding of protein α-helix
structure using targeted assessment and classroom interventions in collaboration
with a faculty community of practice. Biochemistry and Molecular Biology
Education, 42(3), 213-223. doi: 10.1002/bmb.20787
Lopez, Enrique J, Nandagopal, Kiruthiga, Shavelson, Richard J, Szu, Evan, & Penn,
John. (2013). Self-‐regulated learning study strategies and academic performance
in undergraduate organic chemistry: An investigation examining ethnically
diverse students. Journal of Research in Science Teaching, 50(6), 660-676
Margolis, Howard, & McCabe, Patrick P. (2003). Self-efficacy: A key to improving the
motivation of struggling learners. Preventing School Failure: Alternative Education
for Children and Youth, 47(4), 162-169.
Nussbaum, Joseph, & Novick, Shimshon. (1982). Alternative frameworks, conceptual
conflict and accomodation: Toward a principled teaching strategy. Instructional
Science, 11(3), 183-200. doi: 10.2307/23368317
	
  

156	
  

Pazicni, Samuel, & Bauer, Christopher F. (2014). Characterizing illusions of competence
in introductory chemistry students. Chemistry Education Research and Practice,
15(1), 24-34.
Strike, Kenneth A, & Posner, George J. (1992). A revisionist theory of conceptual change.
Philosophy of science, cognitive psychology, and educational theory and practice, 147176.
Xu, X., Villafane, Sachel M, & Lewis, Jennifer E. (2013). College students' attitudes
toward chemistry, conceptual knowledge and achievement: Structural equation
model analysis. Chemistry Education Research and Practice, 14, 188-200.
Zeldin, A.L., Britner, S.L., & Pajares, F. (2008). A comparative study of the self-efficacy
beliefs of successful men and women in mathematics, science, and technology
careers. Journal of Research in Science Teaching, 45(9), 1036-1058. doi:
10.1002/tea.20195

	
  

157	
  

APPENDIX A:
Supplementary information for Chapter IV

This supplementary material provides information about the content of the instrument,
descriptive statistics for each group, and reliability and validity results for the scores.

Concepts in the instrument
The first column of Table A1 provides a brief description of the seven concepts in
the instrument in the form of a correct statement about each concept. The second
column of Table A1 lists the sets of three potential incorrect ideas that served as the
basis for the construction of the common distractors across the multiple-choice items
associated with a concept.

Distribution of scores
The descriptive statistics for groups A and B are shown in Table A2. As can be
seen from the table, the distribution of the scores is approximately normal, since most of
the skewness and kurtosis values are within the range of ± 1. However, for group B, the
kurtosis value obtained for the posttest was -1.6, which indicates that the distribution of
the scores is slightly flatter than the normal distribution, in other words that the scores
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are more dispersed from the mean. When we look at the standard deviation in this case,
it also indicates a greater variation of the scores on the posttest. Slight deviations from
normality are common with small samples.

Validity and reliability of the instrument’s scores
Evidence about the validity and reliability of an instrument’s scores is very
important to gather before drawing conclusions about data gathered with an
instrument. Therefore, these aspects of measurement need to be evaluated both when
developing and when using an instrument. Validity is concerned with whether the
instrument’s scores reflect what the instrument is designed to measure. In this case,
three different aspects of validity were evaluated. First, content validity evidence was
gathered during our instrument’s development process, through panels of experts who
evaluated the concepts, the incorrect ideas, and the items to be included on the
instrument. Second, cognitive interviews with students were used at the beginning
stages of our instrument’s development to gather face validity evidence for the items.
The last validity aspect evaluated was construct validity. This type of validity was
evaluated using Confirmatory Factor Analysis (CFA) for the pretest and the posttest.
Different fit indices are used to determine how well the proposed model (seven
concepts with three parallel items for each concept) fits the data. In this case, three
indices are used including the chi square test of model fit (χ2), Comparative Fit Index
(CFI), and Weighted Root Mean Square Residual (WRMR). The chi square test of model
fit (χ2) compares the proposed model with the best possible model, with a p value less
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than 0.05 indicating a good fit (Brown, 2006). CFI compares the proposed model with a
completely uncorrelated model, and obtaining values greater than 0.90 (Cheng & Chan,
2003) or 0.95 (Hu & Bentler, 1999) is desirable. The last index used is WRMR, which
indicates how close the proposed model is to the data, with values less than 1.0
representing a good fit (Brown, 2006). CFA results from the pretest and posttest are
shown below in table A3. Those results indicate a good model fit for our instrument
according to the accepted cut-offs associated with each fit index.
Reliability is another important aspect of measurement to be evaluated, since it is
concerned with the reproducibility of an instrument’s scores. There are different
approaches to determine reliability. In our case, we were concerned with the degree to
which the items related to the same concept would yield scores that were consistent. Do
students tend to respond similarly across the set of items associated with a concept?
This type of reliability measures the internal consistency of the items and is usually
assessed using Cronbach’s alpha coefficient. Table A4 presents the Cronbach’s alpha
coefficients for each concept and for the complete instrument for both pretest and
posttest. These results indicate weaker correlation among students’ responses to items
in concepts where alphas are low, for example in hydrogen bonding and protein
function concepts. However, since Cronbach’s alpha depends on the number of items,
the values are also attenuated simply because each concept has only three items
(Cortina, 1993; Murphy & Davidshofer, 2005).
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Table A1. Describing the seven concepts in the instrument.
Declarative Statement (concepts)
Incorrect Ideas
Bond formation requires energy.
Bond formation sometimes requires energy
Bond Energy: When a chemical bond and sometimes releases energy.
forms, energy is released.
The strength of the bond determines when
energy is released or absorbed when bonds
are formed.
Free Energy: the free energy change The free energy change for a process indicates
for a process (ΔG) indicates whether whether or not the process releases heat.
or not a process is spontaneous at a Heat is released in all spontaneous processes.
given temperature.
A spontaneous reaction proceeds quickly.
London dispersion forces are only found in
London Dispersion Forces: London non-polar molecules.
dispersion forces are the only type of There are no attractions between non-polar
non-covalent interaction that can molecules.
occur between non-polar molecules.
A dipole is not involved in the interaction
between non-polar molecules.
At the pH=pKa, the group is totally
pH/pKa: Comparing the pH value of protonated or totally deprotonated.
an aqueous solution of substance to When pH is below pKa species are
the pKa values of an ionizable group deprotonated or when pH is above pKa,
gives information about the ionization species are protonated.
state of that group.
The ionizable groups are unaffected by pH.
Hydrogen Bonding: A hydrogen
bond is a non-covalent interaction
typically between N, O, or F and a
hydrogen atom bonded to N, O, or F.

Alpha Helix: The interior of an alpha
helix contains atoms from the protein
backbone in close contact.

Protein Function: Changes in amino
acid sequence of a polypeptide
sometimes changes protein function.

	
  

All hydrogens are capable of hydrogen
bonding.
A covalent bond with a hydrogen in it is a
hydrogen bond.
Any polar molecule can make a hydrogen
bond.
The interior of an alpha helix contains the side
chains (R-groups) of the amino acid residues.
The interior of an alpha helix contains water
molecules.
The interior of an alpha helix is empty.
Changes in amino acid sequence always
change protein function.
Changes in amino acid sequence never
change protein function.
Changes in amino acid sequence only
decrease protein function.
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Table A2. Descriptive statistics and distribution of the scores.
Group
Test
N
Mean SD Skewness
Kurtosis
Pretest 125
9.1
3.1
.14
-.31
A
Posttest 125
12.5
3.3
.05
-.07
Pretest
11
11.3
3.9
.87
.33
B
Posttest 11
13.5
5.1
.07
-1.6

Min
2
5
6
7

Max
16
20
19
21

Table A3. Chi-square (χ 2) test of model fit and fit indices from CFA (N=136).
Model
df
χ2
p-value
CFI
WRMR
Pretest
48
53.396
.2746
.993
.763
Posttest
53
66.488
.1009
.987
.814

Table A4. Cronbach’s alpha coefficient values for the pretest and posttest (N=136)
Cronbach’s alpha
Cronbach’s alpha
Concept
pretest
posttest
21 – items instrument
.62
.66
Bond Energy
.77
.70
Free Energy
.70
.44
London Dispersion
.57
.66
pH/pKa
.48
.68
Hydrogen Bonding
.27
.47
Alpha Helix
.86
.89
Protein Function
.10
.38
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APPENDIX B:
Supplementary information for Chapter III and IV: Additional data from groups not
presented in the chapters

Sample pretest report prepared and shared with instructors
The following is an example of a pretest report that was prepared and shared
with instructors about students’ performance on the pretest.
	
  
Pretest data analysis F11: Sample University
The data from the pretest given on Fall 2011 in Introductory Biochemistry at Sample University analysis
results are presented in this report. The descriptive statistics were obtained using SPSS software version
19. A total of 42 complete sets of data were analyzed. The results for descriptive statistics are presented in
Table 1.
Table 1. Descriptive statistics
N
Mean
STD
42
11.8
4.8

Min
4

Max
21

Sk
.001

Ku
-.83

As shown in Table 1, the mean for the raw score was 11.8 (out of 21), a score of 56%. This mean seems
low, but we need to take into account that it is given as a pretest, and although the test is intended to
measure previous knowledge, students do not always remember the material being tested. The variation
between students’ scores as measured by the standard deviation is 4.8. The distribution of the scores
seems approximately normal as measured by skewness and kurtosis.
The mean for each item is presented in Table 2. The mean for each item provides information about the
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difficulty of each item. It is equivalent to the percent of students who got the item correct. Higher mean
values indicate “easier” items whereas low values indicate “harder” items for this group of students. As
shown in the table, most of the means fall between 0.36 and 0.81 which indicates a wide range of item
difficulties. The hardest item for this group is item 10 with only 36% of student answering it correctly.
The easiest item is item 18 with 81% of students answering it correctly.
Table 2. Mean for individual items
Items
Mean
1
.76
2
.52
3
.64
4
.38
5
.48
6
.60
7
.67
8
.50
9
.62
10
.36
11
.74
12
.50
13
.45
14
.67
15
.45
16
.57
17
.45
18
.81
19
.69
20
.60
21
.38

This pretest consists of seven basic concepts from general chemistry and biology. Each concept is
measured using three-parallel multiple-choice questions that have common incorrect ideas as distractors.
From general chemistry, five concepts are included such as chemical equilibrium, hydrogen bonding,
bond energy, pH/pKa, and free energy. From general biology, the two concepts included are protein alpha
helix structure (alpha helix hereafter) and the consequence of mutation on protein function (protein
function hereafter).
The percentages of students that answered the three items for each of the concepts in the pretest correctly
are shown in Table 3. The percentages range from 29% to 55%. For example, if we look at the alpha
helix concept, 33% of the students chose the correct answer consistently for all three items associated with
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that concept. The low range is not surprising; students were asked to select the best answer, and some of
the choices were fairly subtle. However, when coupled with the item analysis, (presented in detail at the
end of the report), it seems clear that students do have difficulty with some of these concepts. Particular
concerns are the energetics of bond formation, the structure of an alpha helix, and chemical equilibrium.
17% of students answered the three questions relating to bond energy consistent with the incorrect idea
“Bond formation requires energy.” On the other hand, 26% of the students responded to the three alpha
helix questions consistent with the incorrect idea “the interior of an alpha helix contains the side chains of
the amino acid residues.” For chemical equilibrium, 10% of the students chose the incorrect idea “once a
reaction is at equilibrium more reactants or products must be added in order for a reaction to occur.”
For other concepts, students’ responses are not consistent, but some patterns in their responses are
observed allowing us to identify the most common incorrect idea chosen by the students. For protein
function, “Changes in amino acid sequence only decrease protein function,” whereas for free energy the
incorrect idea “The free energy change for a process indicates whether or not the process releases heat” is
the most common. On the other hand, no patterns in students’ responses were identified for hydrogen
bonding or pH/pKa.

Table 3. Percentages of students that chose the correct answer by concept
Concepts
Correct Answer pretest1
Equilibrium
55%
Free Energy
36%
Bond Energy
36%
Hydrogen Bonding
29%
pH/pKa
29%
Protein Function
45%
Alpha Helix
33%
1
Note: Correct Answer: percentages of students that answer correctly the three items in each concept

Sample posttest report prepared and shared with instructors
The following is an example of the posttest report that was prepared and shared
with instructors about students’ performance in the posttest and a comparison between
students’ pretest and posttest scores.
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Posttest data analysis F11: Sample University
The data from the posttest given on Fall 2011 at Sample University analysis results are presented in this
report. The descriptive statistics were obtained using SPSS software version 19. A total of 37 complete
sets of data were analyzed. The results for descriptive statistics are presented in Table 1.
Table 1. Descriptive statistics
N
Mean
STD
37
14.2
5.3

Min
-.31

Max
-1.29

Skewness
5

Ku
21

As shown in Table 1, the mean for the raw score was 14.2 (out of 21), a score of 68%. The variation
between students’ scores as measured by the standard deviation is 5.3. The distribution of the scores
seems approximately normal as measured by skewness and kurtosis.
The pretest and posttest results were compared. A total of 42 complete sets of data were received for the
pretest and 37 for the posttest. The descriptive statistics for both tests are presented on Table 2. As shown
in the table, the mean for the pretest was 11.8 and for the posttest 13.6.
Table 2. Descriptive Statistics
Pretest (N=42)
Mean
Std. Deviation
11.8
4.8

Posttest (N=37)
Mean
Std. Deviation
14.2
5.3

Descriptive statistics for the pretest and posttest are presented on Table 3. This comparison was done
using only those set of data that were the same in both tests, so a total of 37 sets of data was used for
comparison.
Table 3. Descriptive statistics comparison for pretest and posttest
N
Mean
STD
Min
Max
Skewness
Pretest
37
11.9
4.9
4
21
-.03
Posttest
37
14.2
5.3
5
21
-.31

Kurtosis
-.83
-1.29

As shown in Table 3, the raw mean score for the pretest was 11.9, and the posttest mean was 14.2. The
mean of the difference was 2.3 points between pretest and posttest. This positive difference means that in
average students had a positive gain in the test, so they score higher in the posttest than in the pretest.
The distribution of the scores is approximately normal as given by the skewness and kurtosis values. The
minimum and the maximum obtained for both test is, also, presented on Table 3. Pretest and posttest’s
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scores were also compared. The scores on each test and the individual difference in scores (diff) are
presented on Table 4. The range of the difference is -5 to 14.
Table 4. Pretest and posttest comparison by student
ID
Pretest
Posttest
DIFF
3
16
11
-5
6
9
5
-4
22
12
8
-4
43
17
14
-3
17
17
15
-2
40
8
6
-2
2
18
17
-1
5
9
8
-1
28
21
20
-1
31
7
6
-1
42
13
12
-1
1
13
13
0
8
8
8
0
38
21
21
0
12
4
5
1
33
20
21
1
36
15
16
1
14
13
15
2
16
17
19
2
27
16
18
2
24
5
8
3
34
5
8
3
44
6
9
3
11
14
18
4
13
10
14
4
4
14
19
5
7
15
20
5
25
10
15
5
26
12
17
5
9
4
10
6
41
15
21
6
20
11
18
7
21
13
20
7
30
5
12
7
15
13
21
8
19
11
21
10
10
4
18
14
The mean for each item is presented in Table 5. The mean for each item provides information about the
difficulty of each item. It is equivalent to the percent of students who got the item correct. Higher mean
values indicate “easier” items whereas low values indicate “harder” items for this group of students. One
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interesting result in Table 5 is that the items with the lowest mean (hardest items) for this group in the
posttest are the Hydrogen Bonding items (4, 10, 21) with .41 for the three items.
Table 5. Mean for individual items
Items
Mean (pretest)
1
.73
2
.49
3
.65
4
.41
5
.51
6
.57
7
.70
8
.49
9
.59
10
.38
11
.76
12
.49
13
.49
14
.70
15
.46
16
.57
17
.49
18
.78
19
.65
20
.62
21
.41

Mean (posttest)
.89
.62
.84
.41
.59
.78
.78
.57
.68
.41
.76
.81
.70
.78
.62
.62
.59
.84
.78
.76
.41

The percentages of students that answered correctly the three items for each of the concepts in the pretest
and posttest are shown in Table 6. The percentages range from 27% to 51% for the pretest and from 35%
to 65%. For example, if we look at the free energy concept, 35% of the students chose the correct answer
consistently for all three items associated with that concept for the pretest, while 54% for the posttest. For
some of these concepts, the percentage is still low in the posttest. When coupled with the item analysis,
(presented in detail at the end of the report), it seems clear that students do have difficulty with some of
these concepts. Particular concern is hydrogen bonding. In the posttest, 43% (16 students) of students
answered the three questions relating to hydrogen bonding consistent with the incorrect idea “Any polar
molecule can make a hydrogen bond.”
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Table 6. Percentages of students that chose the correct answer by concept
Correct Answer
Concepts
Correct Answer pretest1
posttest1
Chemical Equilibrium
51% (19 students)
62% (23 students)
57% (21 students)
Protein Function
46% (17 students)
Bond Energy
35% (13 students)
51% (19 students)
Free Energy
35% (13 students)
54% (20 students)
Alpha Helix
35% (13 students)
54% (20 students)
Hydrogen Bonding
32% (12 students)
35% (13 students)
pH/pKa
27% (10 students)
65% (24 students)
1
Note: Correct Answer: percentages of students that answer correctly the three items in each concept

Pretest and posttest comparison data for different classes during Fall 2010
Data collected for different groups from Fall 2010 are presented in this section.
For each group, students’ performance on the pretest and posttest is presented. The first
table for each group presents the descriptive statistics comparison for pretest and
posttest scores and the second table presents the percentages of students that chose the
correct answer by concept in the pretest and posttest.

Data for group 1: Fall 2010
Table B1. Descriptive statistics comparison for pretest and posttest: Group 1 Fall 2010
N
Mean
STD
Min
Max
Skewness Kurtosis
Pretest
13
7.9
3.7
3
16
.81
.31
Posttest
13
9.6
3.0
4
17
.79
2.6
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Table B2. Percentages of students that chose the correct answer by concept:
Group 1 Fall 2010
Correct Answer
Correct Answer
Concepts
pretest1
posttest1
15% (2 students)
38% (5 students)
London Dispersion
Bond Energy
15% (2 students)
23% (3 students)
Protein Function
15% (2 students)
31% (4 students)
Free Energy
15% (2 students)
31% (4 students)
Alpha Helix
8% (1 student)
15% (2 students)
(1, 18, 21) - 23%
(3 students)
Hydrogen Bonding
8% (1 student)
(5, 11, 24) - 15%
(2 students)
pH/pKa
0
8% (1 student)
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept

Data for group 2: Fall 2010
Table B3. Descriptive statistics comparison for pretest and posttest: Group 2 Fall 2010
N
Mean
STD
Min
Max
Skewness Kurtosis
Pretest
109
10.3
3.7
2
20
.23
-.22
Posttest
109
12.9
3.6
4
20
-.15
-.50

Table B4. Percentages of students that chose the correct answer by concept:
Group 2 Fall 2010
Correct Answer
Correct Answer
Concepts
1
pretest
posttest1
31%
41%
London Dispersion
29%
22%
Protein Function
Free Energy
28%
43%
Alpha Helix
23%
33%
(1, 18, 22) - 44%
Hydrogen Bonding
21%
(5, 11, 24) - 23%
19%
82%
Bond Energy
pH/pKa
18%
23%
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept
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Data for group 3: Fall 2010
Table B5. Descriptive statistics comparison for pretest and posttest: Group 3 Fall 2010
N
Mean
STD
Min Max
Skewness
Kurtosis
Pretest
21
9.7
3.4
6
18
.90
.20
Posttest
21
13.6
4.3
6
21
-.01
-1.2

Table B6. Percentages of students that chose the correct answer by concept:
Group 3 Fall 2010
Correct Answer
Correct Answer
Concepts
1
pretest
posttest1
London Dispersion
33%
48%
Free Energy
33%
67%
Protein Function
29%
43%
Bond Energy
29%
57%
pH/pKa
14%
62%
Alpha Helix
10% (2 students)
33%
(1, 18, 22) – 52%
Hydrogen Bonding
10% (2 students)
(5, 11, 24) - 52%
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept

Data for group 4: Fall 2010
Table B7. Descriptive statistics comparison for pretest and posttest: Group 4 Fall 2010
N
Mean
STD
Min
Max
Skewness Kurtosis
Pretest
22
12.0
4.6
4
19
-.05
-1.25
Posttest
22
14.5
3.7
6
20
-.41
-.04

	
  

171	
  

Table B8. Percentages of students that chose the correct answer by concept:
Group 4 Fall 2010
Correct Answer
Correct Answer
Concepts
pretest1
posttest1
Protein Function
64%
77%
London Dispersion
64%
36%
Bond Energy
41%
36%
Free Energy
32%
59%
pH/pKa
27%
64%
Hydrogen Bonding
18%
18%
Alpha Helix
14%
50%
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept

Data for group 5: Fall 2010
Table B9. Descriptive statistics comparison for pretest and posttest: Group 5 Fall 2010
N
Mean
STD
Min
Max
Skewness Kurtosis
Pretest
7
6.7
3.1
3
12
.63
-.34
Posttest
7
12.3
4.6
7
20
.64
-.50

Table B10. Percentages of students that chose the correct answer by concept
Group 5 Fall 2010
Correct Answer
Correct Answer
Concepts
pretest1
posttest1
38%
18%
Protein Function
Free Energy
33%
36%
29%
9%
London Dispersion
Alpha Helix
21%
27%
pH/pKa
17%
18%
Bond Energy
12%
18%
(1, 18, 22) - 27%
Hydrogen Bonding
0
(5, 11, 24) - 27%
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept
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Data for group 6: Fall 2010
Table B11. Descriptive statistics comparison for pretest and posttest: Group 6
Fall 2010
N
Mean
STD
Min Max Skewness Kurtosis
Pretest
32
9.4
4.6
1
19
.25
-.65
Posttest
32
12.1
4.2
5
20
.44
-.61

Table B12. Percentages of students that chose the correct answer by concept:
Group 6 Fall 2010
Correct Answer
Correct Answer
Concepts
pretest1
posttest1
39%
28%
Protein Function
35%
41%
pH/pKa
33%
31%
Free Energy
27%
31%
London Dispersion
27%
50%
Alpha Helix
14%
28%
Bond Energy
(1, 18, 22) - 34%
4%
Hydrogen Bonding
(5, 11, 24) - 41%
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept

Data for group 7: Fall 2010
Table B13. Descriptive statistics comparison for pretest and posttest: Group 7
Fall 2010
N
Mean
STD
Min
Max
Skewness Kurtosis
Pretest
15
14.8
4.3
6
21
-.79
.19
Posttest
15
15.9
4.2
9
21
-.51
-1.4
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Table B14. Percentages of students that chose the correct answer by concept:
Group 7 Fall 2010
Correct Answer
Correct Answer
Concepts
pretest1
posttest1
pH/pKa
67%
80%
Free Energy
61%
73%
56%
60%
Protein Function
Alpha Helix
44%
53%
(1, 18, 22) - 53%
Hydrogen Bonding
39%
(5, 11, 24) - 60%
39%
67%
London Dispersion
Bond Energy
11%
40%
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept

Data for group 8: Fall 2010
Table B15. Descriptive statistics comparison for pretest and posttest:
Group 8 Fall 2010
N
Mean
STD
Min
Max
Skewness
Kurtosis
Pretest
62
8.5
3.1
4
17
.68
-.17
Posttest
62
9.9
4.2
2
21
.24
-.18

Table B16. Percentages of students that chose the correct answer by concept:
Group 8 Fall 2010
Correct Answer
Correct Answer
Concepts
1
pretest
posttest1
29%
34%
London Dispersion
Bond Energy
22%
16%
Alpha Helix
20%
19%
Protein Function
18%
15%
Free Energy
17%
42%
pH/pKa
11%
39%
(1, 18, 22) - 23%
Hydrogen Bonding
7%
(5, 11, 24) - 19%
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept
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Pretest and posttest comparison data for different classes during Fall 2011
Data collected for different groups from Fall 2011 are presented in this section.
For each group, students’ performance in the pretest and posttest is presented. The first
table for each group presents the descriptive statistics comparison for pretest and
posttest scores and the second table presents the percentages of students that chose the
correct answer by concept in the pretest and posttest.

Data for group 1: Fall 2011
Table B17. Descriptive statistics comparison for pretest and posttest: Group 1
Fall 2011
N
Mean
STD
Min
Max
Skewness
Kurtosis
Pretest
Posttest

36
36

7.9
11.9

4.2
4.0

2
4

19
19

.72
.07

-.07
-1.10

Table B18. Percentages of students that chose the correct answer by concept:
Group 1 Fall 2011
Correct Answer
Correct Answer
Concepts
pretest1
posttest1
Alpha Helix
19% (7 students)
64% (23 students)
pH/pKa
8% (3 students)
58% (21 students)
Equilibrium
25% (9 students)
42% (15 students)
19% (7 students)
25% (9 students)
Protein Function
11% (4 students)
25% (9 students)
Bond Energy
Free Energy
17% (6 students)
25% (9 students)
Hydrogen Bonding
8% (3 students)
22% (8 students)
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept
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Data for group 2: Fall 2011
Table B19. Descriptive statistics comparison for pretest and posttest: Group 2
Fall 2011
N
Mean
STD
Min
Max
Skewness Kurtosis
Pretest
13
10.3
5.6
1
18
-.20
-1.2
Posttest
13
14.6
3.5
10
21
.51
-1.0

Table B20. Percentages of students that chose the correct answer by concept:
Group 2 Fall 2011
Correct Answer
Correct Answer
Concepts
pretest1
posttest1
62% (8 students)
69% (9 students)
Bond Energy
Hydrogen Bonding
54% (7 students)
62% (8 students)
Alpha Helix
38% (5 students)
62% (8 students)
Free Energy
15% (1 students)
54% (7 students)
pH/pKa
15% (2 students)
54% (7 students)
23% (3 students)
38% (5 students)
Protein Function
31% (4 students)
38% (5 students)
Equilibrium
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept

Data for group 3: Fall 2011
Table B21. Descriptive statistics comparison for pretest and posttest: Group 3
Fall 2011
N
Mean
STD
Min
Max
Skewness Kurtosis
Pretest
16
9.3
3.5
3
15
-.20
-.58
Posttest
16
11.6
3.1
6
17
.07
-.32
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Table B22. Percentages of students that chose the correct answer by concept:
Group 3 Fall 2011
Correct Answer
Correct Answer
Concepts
pretest1
posttest1
Free Energy
44% (7 students)
50% (8 students)
pH/pKa
0% (0 students)
50% (8 students)
44% (7 students)
44% (7 students)
Bond Energy
Equilibrium
44% (7 students)
38% (6 students)
25% (4 students)
38% (6 students)
Protein Function
Alpha Helix
13% (2 students)
31% (5 students)
Hydrogen Bonding
13% (2 students)
6% (1 students)
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept

Data for group 4: Fall 2011
Table B23. Descriptive statistics comparison for pretest and posttest: Group 4
Fall 2011
N
Mean
STD
Min
Max
Skewness
Kurtosis
Pretest
32
7.8
4.2
1
21
1.2
2.2
Posttest
32
11.1
5.1
3
21
.56
-.56

Table B24. Percentages of students that chose the correct answer by concept:
Group 4 Fall 2011
Correct Answer
Correct Answer
Concepts
pretest1
posttest1
Alpha Helix
25% (8 students)
59% (19 students)
pH/pKa
13% (4 students)
44% (14 students)
22% (7 students)
41% (13 students)
Bond Energy
Equilibrium
22% (7 students)
34% (7 students)
Free Energy
16% (5 students)
34% (11 students)
19%
(6
students)
19% (6 students)
Protein Function
Hydrogen Bonding
22% (7 students)
19% (6 students)
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept
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Data for group 5 (UMin): Fall 2011
Table B25. Descriptive statistics comparison for pretest and posttest: Group 5
Fall 2011
N
Mean
STD
Min
Max
Skewness Kurtosis
Pretest
103
8.3
4.0
2
20
.62
.15
Posttest
103
11.2
4.7
1
21
.02
-.46

Table B26. Percentages of students that chose the correct answer by concept:
Group 5 Fall 2011
Correct Answer
Correct Answer
Concepts
pretest1
posttest1
Free Energy
30%
62%
Alpha Helix
15%
53%
Equilibrium
37%
40%
pH/pKa
14%
48%
24%
33%
Protein Function
Hydrogen Bonding
16%
21%
16%
17%
Bond Energy
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept

Data for group 6: Fall 2011
Table B27. Descriptive statistics comparison for pretest and posttest: Group 6
Fall 2011
N
Mean
STD
Min
Max
Skewness Kurtosis
Pretest
31
10.9
4.0
3
19
-.21
-.79
Posttest
31
11.5
4.3
3
21
-.002
-.28
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Table B28. Percentages of students that chose the correct answer by concept:
Group 6 Fall 2011
Correct Answer
Correct Answer
Concepts
pretest1
posttest1
42% (13 students)
61% (19 students)
Protein Function
32% (10 students)
48% (15 students)
pH/pKa
Equilibrium
52% (16 students)
39% (12 students)
Alpha Helix
29% (9 students)
35% (11 students)
Hydrogen Bonding
26% (8 students)
32% (10 students)
26% (8 students)
29% (9 students)
Bond Energy
26% (8 students)
29% (9 students)
Free Energy
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept

Data for group 7: Fall 2011
Table B29. Descriptive statistics comparison for pretest and posttest: Group 7
Fall 2011
N
Mean
STD
Min
Max
Skewness Kurtosis
Pretest
24
8.9
4.7
3
16
.19
-1.5
Posttest
24
11.1
4.2
5
21
.51
-.37

Table B30. Percentages of students that chose the correct answer by concept:
Group 7 Fall 2011
Correct Answer
Correct Answer
Concepts
pretest1
posttest1
58% (14 students)
63% (15 students)
Protein Function
Equilibrium
42% (10 students)
42% (10 students)
33% (8 students)
42% (10 students)
pH/pKa
25% (6 students)
33% (8 students)
Free Energy
Alpha Helix
21% (5 students)
25% (6 students)
21%
(5
students)
17% (4 students)
Bond Energy
Hydrogen Bonding
13% (3 students)
29% (7 students)
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept
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Data for group 8: Fall 2011
Table B31. Descriptive statistics comparison for pretest and posttest: Group 8
Fall 2011
N
Mean
STD
Min
Max
Skewness Kurtosis
Pretest
23
8.5
3.8
2
21
1.5
4.3
Posttest
23
15.7
3.2
9
20
-.43
-.71

Table B32. Percentages of students that chose the correct answer by concept:
Group 8 Fall 2011
Correct Answer
Correct Answer
Concepts
pretest1
posttest1
Equilibrium
43% (10 students)
78% (18 students)
39% (9 students)
65% (15 students)
Protein Function
Alpha Helix
30% (7 students)
78% (18 students)
17% (4 students)
17% (4 students)
Bond Energy
Hydrogen Bonding
17% (4 students)
70% (16 students)
Free Energy
13% (3 students)
57% (13 students)
pH/pKa
9% (2 students)
78% (18 students)
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept

Data for group 9: Fall 2011
Table B33. Descriptive statistics comparison for pretest and posttest: Group 9
Fall 2011
N
Mean
STD
Min
Max
Skewness Kurtosis
Pretest
25
7.9
2.9
3
15
.63
.37
Posttest
25
13.6
4.0
5
21
-.10
-.19
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Table B34. Percentages of students that chose the correct answer by concept:
Group 9 Fall 2011
Correct Answer
Correct Answer
Concepts
pretest1
posttest1
Equilibrium
32% (8 students)
44% (11 students)
Hydrogen Bonding
32% (8 students)
16% (4 students)
Free Energy
28% (7 students)
68% (17 students)
20% (5 students)
64% (16 students)
Bond Energy
20% (5 students)
48% (12 students)
Protein Function
Alpha Helix
8% (2 students)
80% (20 students)
pH/pKa
0%
32% (8 students)
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept

Data for group 10: Fall 2011
Table B35. Descriptive statistics comparison for pretest and posttest: Group 10
Fall 2011
N
Mean
STD
Min
Max
Skewness Kurtosis
Pretest
37
11.9
4.9
4
21
-.03
-.83
Posttest
37
14.2
5.3
5
21
-.31
-1.29

Table B36. Percentages of students that chose the correct answer by concept:
Group 10 Fall 2011
Correct Answer
Correct Answer
Concepts
pretest1
posttest1
Equilibrium
51% (19 students)
62% (23 students)
46% (17 students)
57% (21 students)
Protein Function
35% (13 students)
51% (19 students)
Bond Energy
Free Energy
35% (13 students)
54% (20 students)
Alpha Helix
35% (13 students)
54% (20 students)
Hydrogen Bonding
32% (12 students)
35% (13 students)
pH/pKa
27% (10 students)
65% (24 students)
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept

	
  

181	
  

Data for group 11: Fall 2011
Table B37. Descriptive statistics comparison for pretest and posttest: Group 11
Fall 2011
N
Mean
STD
Min
Max
Skewness Kurtosis
Pretest
120
12.5
3.7
4
21
.12
-.26
Posttest
120
12.3
3.8
4
21
.24
-.51

Table B38. Percentages of students that chose the correct answer by concept:
Group 11 Fall 2011
Correct Answer
Correct Answer
Concepts
pretest1
posttest1
78%
82%
Bond Energy
Free Energy
58%
52%
Equilibrium
48%
47%
Alpha Helix
57%
43%
26%
40%
Protein Function
pH/pKa
17%
25%
Hydrogen Bonding
20%
13%
Note: 1Correct Answer: percentages of students that answer correctly the three items in each concept
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APPENDIX C:
Instruction for instrument’s administration: Chapter III and IV

This supplementary information provides the administration instructions and
procedures for instructors who want to administer the biochemistry instrument to their
students.

POGIL Biochem Diagnostic Assessment Instrument
Jennifer Lewis, Jennifer Loertscher, Vicky Minderhout, Sachel Villafañe
Contact Information: loertscher@seattleu.edu; vicky@seattleu.edu; jennifer@usf.edu
Background
This test was designed to measure student understanding of foundational concepts from general
chemistry and biology before and after completing an undergraduate biochemistry course.
Because it was developed for use within a specific context it is not comprehensive. The test is
comprised of 21 multiple-choice questions, three for each of seven concept areas (bond energy,
equilibrium, free energy, hydrogen bonding, mutation and protein function, pKa, and protein
alpha helix structure). In our use of the test, students were considered to have a correct
understanding of a given concept only if they answered all three questions related to that concept
correctly. Since the three questions for each concept were designed to be used as a set, we have
not investigated the validity of isolated questions.
The test is intended to be administered as a paper and pencil test with no access to books, notes,
or calculators. The test takes no more than 25 minutes for third year biochemistry students and is
expected to take a similar amount of time for other groups of students.
Terms of Use
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1. This PDF is for use at your home institution only. Do not send this PDF to other
institutions. Colleagues inquiring about the test should be directed to contact authors.
2. Do not post the instrument or parts of the instrument electronically on public or
password protected websites.
3. Students should not be allowed to keep paper copies of the instrument, however
conversations with students about their performance are encouraged.
4. We welcome feedback related to your use of the instrument in any course. Please feel
free to email using the contact information given above.
References
1. Sachel M. Villafañe, Cheryl P. Bailey, Jennifer Loertscher, Vicky Minderhout, and
Jennifer E. Lewis, “Development and analysis of an instrument to assess student
understanding of foundational concepts prior to biochemistry coursework,”
Biochemistry and Molecular Biology Education 2011, 39 102-109.
2. Sachel M. Villafañe, Jennifer Loertscher, Vicky Minderhout, and Jennifer E. Lewis,
“Uncovering Students’ Incorrect Ideas About Foundational Concepts for
Biochemistry,” Chemistry Education Research and Practice 2011, 12 210-218.
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APPENDIX D:
Supplementary information for Chapter V

This supplementary material provides information about the items used to measure
CSE, item-level descriptive statistics for each group, and CSE covariance matrices for
each administration.

Items from CSE questionnaire
Please indicate how confident you feel about:
Applying a set of chemistry rules to different elements of the Periodic Table
Not confident — — — — — Totally confident
Tutoring another student in a first-year chemistry course
Not confident — — — — — Totally confident
Explaining something that you learnt in this chemistry course to another person
Not confident — — — — — Totally confident
Choosing an appropriate formula to solve a chemistry problem
Not confident — — — — — Totally confident
Determining the appropriate units for a result determined using a formula
Not confident — — — — — Totally confident
Item-level descriptive statistics
Descriptive statistics for each item for all students (N=384) are presented in Table
D1. As shown in the table, the mean for each item was lower in the first administration
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(CSE0) than for the other administrations. The values of skewness and kurtosis for all
administrations are less than ± 1, indicating an approximately normal distribution of the
scores. The same pattern is observed in Table D2 for the sample set used in further
analysis (N=320).

Table D1. Descriptive statistics for each item (N=384).
Item
Std
Dev
Mean
Skewness Kurtosis
1
2.93
1.00
-0.12
-0.28
2
2.23
1.16
0.49
-0.76
CSE0
3
3.21
1.06
-0.18
-0.36
4
3.07
1.07
-0.15
-0.49
5
3.08
1.00
0.06
-0.12
1
3.31
0.86
-0.25
0.18
2
2.57
1.09
0.17
-0.59
CSE1
3
3.42
1.03
-0.39
-0.36
4
3.41
0.95
-0.39
-0.002
5
3.62
1.01
-0.36
-0.32
1
3.67
0.91
-0.63
0.47
2
2.71
1.14
0.03
-0.80
CSE2
3
3.33
1.07
-0.36
-0.44
4
3.45
0.99
-0.55
0.20
5
3.58
1.04
-0.58
-0.16
1
3.59
1.04
-0.58
0.11
2
2.75
1.11
-0.13
-0.73
CSE3
3
3.27
1.08
-0.53
-0.16
4
3.35
1.01
-0.42
0.13
5
3.55
1.05
-0.57
0.06
1
3.70
0.96
-0.69
0.46
2
2.90
1.15
-0.07
-0.73
CSE4
3
3.33
0.97
-0.37
0.06
4
3.46
0.92
-0.31
0.11
5
3.64
0.96
-0.53
0.15
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Table D2. Descriptive statistics for each item (N=320).
Item
Mean
Std Dev Skewness Kurtosis
1
2.97
1.00
-0.11
-0.27
2
2.21
1.14
0.50
-0.74
CSE0
3
3.24
1.05
-0.20
-0.34
4
3.12
1.07
-0.14
-0.48
5
3.13
1.00
0.12
-0.22
1
3.32
0.86
-0.21
0.22
2
2.59
1.09
0.14
-0.55
CSE1
3
3.42
1.04
-0.39
-0.37
4
3.47
0.93
-0.38
-0.07
5
3.66
0.97
-0.30
-0.37
1
3.68
0.90
-0.72
0.78
2
2.76
1.13
0.001
-0.76
CSE2
3
3.37
1.07
-0.41
-0.37
4
3.54
0.93
-0.57
0.34
5
3.66
0.99
-0.63
0.06
1
3.63
0.98
-0.54
0.06
2
2.81
1.11
-0.12
-0.75
CSE3
3
3.33
1.07
-0.49
-0.25
4
3.45
0.93
-0.30
-0.21
5
3.59
1.03
-0.54
-0.08
1
3.70
0.97
-0.71
0.46
2
2.90
1.17
-0.02
-0.73
CSE4
3
3.31
0.99
-0.31
0.06
4
3.43
0.92
-0.24
0.16
5
3.62
0.96
-0.58
0.28

CSE covariance matrices
The covariance matrices associated with each confirmatory factor analysis are
presented in Tables D3-D7. The off-diagonal elements are the covariances for pairs of
items; the diagonal elements are the variances for each item.
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Table D3. Covariance matrix for CSE0 (N=348).
Items
1
2
3
1
1.010
2
0.610
1.336
3
0.517
0.575
1.100
4
0.648
0.533
0.609
5
0.565
0.451
0.455

Table D4. Covariance matrix for CSE1 (N=357).
Items
1
2
3
1
0.753
2
0.396
1.203
3
0.249
0.627
1.053
4
0.425
0.421
0.382
5
0.313
0.365
0.431

Table D5. Covariance matrix for CSE2 (N=305).
Items
1
2
3
1
0.849
2
0.446
1.256
3
0.471
0.775
1.117
4
0.540
0.482
0.518
5
0.498
0.485
0.516

Table D6. Covariance matrix for CSE3 (N=290).
Items
1
2
3
1
1.059
2
0.534
1.228
3
0.568
0.833
1.137
4
0.664
0.545
0.555
5
0.631
0.514
0.651

Table D7. Covariance matrix for CSE4 (N=285).
Items
1
2
3
1
0.894
2
0.568
1.312
3
0.546
0.739
0.953
4
0.496
0.562
0.448
5
0.546
0.494
0.438
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4

5

1.127
0.719

0.971

4

5

0.926
0.571

1.043

4

5

0.996
0.732

1.094

4

5

1.005
0.655

1.101

4

5

0.831
0.558

0.905

APPENDIX E:
Additional analysis for Chapter V

Chapter V presented how students’ chemistry self-efficacy (CSE) trends across a
semester of a preparatory chemistry course were different for diverse groups of
students. One of the concerns with this study was the negative trend observed for Black
and Hispanic males in their modeled data when compared to White males. These
groups of students had, on average, higher expected CSE scores than most of the other
groups, but by the end of the semester, their expected CSE scores dropped and were the
lowest. Therefore there remain some questions about these students’ trends and
whether or not these negative trends were a result of students being overconfident at
the beginning of the semester. In order to address this concern, an additional analysis
involving students’ CSE and exam scores during the semester was performed.
For this analysis, the chemistry self-efficacy raw data as well as the scores for
each of the course exams for each group of students were used. Since CSE scores ranged
from 1 to 5 and exam scores ranged from 0 to 100, both scores were converted to zscores. Z-scores, or standard scores, indicate how many standard deviations an
observation is above or below the mean. Converting both scores to z-scores allows
direct comparisons between them, since they are now positioned on the same scale.
Table E1 presents z-scores mean for each CSE administration (CSE0-CSE4) and exam
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scores for each group of students. Positive values indicate, on average, that group of
students was above the overall mean for that variable. Negative values indicate that
they were below the overall mean.

Table E1. Z-scores for CSE and exam scores by sex and race/ethnicity.
AF
AM
BF
BM
HF
HM
WF
WM

CSE0
-0.30
1.27
0.14
0.75
-0.16
0.58
-0.16
-0.03

CSE1
-0.34
0.66
0.09
0.52
-0.09
0.87
-0.18
0.09

CSE2
-0.09
1.03
0.09
-0.31
-0.09
0.70
-0.16
0.03

CSE3
0.17
1.09
0.03
0.02
0.01
0.12
-0.16
0.05

CSE4
-0.18
0.61
-0.07
-0.08
0.06
-0.26
-0.03
0.16

Exam1
-0.21
0.47
-0.56
-0.41
0.13
0.58
0.14
0.04

Exam2
0.27
0.06
-0.23
0.33
0.15
0.41
-0.05
-0.13

Exam3
0.26
0.41
-0.28
-0.37
0.02
0.37
0.10
-0.11

Exam4
-0.02
0.03
-0.38
-0.08
0.17
0.24
0.17
-0.24

The z-scores for CSE and exam scores were plotted for each group by sex and
race/ethnicity. Figure E1 presents the average z-scores across the semester for Black
males in our sample. As observed in Figure E1, the average z- scores for CSE at the
beginning of the semester (time 0 and time 1) were positive and high (between 0.75 and
0.52); however after time 1, the z-scores for CSE started to drop although there are some
variations in the observed trajectory. On the other hand, the average z-score for the first
exam is negative and low (-0.41). After the first exam, we can observe some variation in
the trajectory, where we observe a positive z-score for exam 2, but again a negative zscore for exam 3 and exam 4. If we compare the z-scores for CSE and exam scores at
time 1, we can see that there is a big gap between Black males’ confidence and how they
performed on the exam. This gap could suggest that Black males were a little
overconfident at the beginning of the semester, but by the end of the semester, we can
observe how the gap between CSE and exam score was closed. This trend suggests that
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Black students experience in the course allow them to become more realistic about what
they can do in the classroom in comparison to its performance. This trend is a positive
one because it is important for students to be confident in their ability to complete
certain tasks; however, being overconfident is a bigger problem for students’ chemistry
self-efficacy since some times students that are overconfident will not make an effort to
succeed, which could affect their decisions to continue into STEM-related careers.

1.40!
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1.00!
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Figure E1. CSE and exam scores trends for Black males.
	
  

	
  

191	
  

3!

4!

Figure E2 presents the average z-scores across the semester for Hispanic males in
our sample. For this group of students, the z-scores for CSE were positive for most of
the semester except for time 4. If we look at the trajectory, we can observe an increased
on the z-scores for CSE from time 0 to time 1 (0.57 to 0.87); however after time 1, the zscores started to decrease having their lowest values at time 4 (-0.26). On the other
hand, the average z-scores for the exams scores are positive, and even though the zscores decreased during the semester (from 0.58 to 0.24), this decrease is slower than for
the CSE scores. From Figure E2, it can be observed that there is a gap between CSE and
exams score, where z-scores for CSE is higher than the z-scores for exams. However, at
the end of the semester, we can observe that there is still a gap between CSE and exam
scores, but it is inverted, with z-scores for exam 4 being higher than the z-scores for CSE
at time 4. This trajectory and gap suggest that at the beginning of the semester, Hispanic
males seemed to be a little overconfident; however, it can be observed a negative trend
across the semester, which suggests that at the end of the semester, students were less
confident even though their scores on the exams were higher than for other group of
students. In this case, this trend suggests that students’ experience in the course is
having a positive impact on their performance, but not on their chemistry self-efficacy.
This trend could be a problem for this group of students because there seems to be a
disconnect between the performance and the confidence, which can lead students to reevaluate their major choices.
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Figure E2. CSE and exam z-scores trends for Hispanic males.

The same analysis was performed for the other groups of students to examine
the trends of CSE and grades throughout the semester. For Black females, figure E3
shows a CSE z-scores trend that is close to 0, from 0.14 at the beginning of the semester
to -0.38 at CSE4. This trend shows that they were on average close to the CSE score
mean for the rest of the students. For grades, the trend is very interesting. The z-scores
are below the mean (negative values), but we can see how from exam 2 the trend is
similar to the CSE one, where a slight decrease can be observed. An important aspect of
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these trends for Black females is that in both cases the trends seem to be decreasing at
the end of the semester, which represents a retention problem in the longer term if those
trends persist.
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Figure E3. CSE and exam z-scores trends for Black females.

For Hispanic females, figure E4 shows that both trends are very close to the
mean. On average, there is a slight increase in CSE scores since they started below the
mean and by the end of the semester; the CSE is above the mean. For grades, there is
not much change overall during the semester, the scores stay close to the overall mean.
The trend in CSE is a positive one for this group of underrepresented students. This
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trend suggests that positive experiences during the semester are helping to build up this
group chemistry self-efficacy, which is good since it could have a positive impact on the
Hispanic females retention in STEM-related fields.

1.40
1.20
1.00
0.80

z-scores

0.60
0.40
0.20
0.00
0

1

2

3

4

-0.20
-0.40
-0.60
"HF_CSE"

"HF_grades"

Figure E4. CSE and exam z-scores trends for Hispanic females.

The trends for CSE and grades for White females are similar to the trends for
Hispanic females. In figure E5, we can observe that for both trends, White females are
on average very close to the overall mean; however their CSE scores remain lower than
the overall mean across the semester. On average, the experiences of this group of
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students during the semester did not seem to have an influence on their chemistry selfefficacy when compared to the overall mean.
1.40
1.20
1.00
0.80

z-scores

0.60
0.40
0.20
0.00
0

1

2

3

4

-0.20
-0.40
-0.60
WF_CSE

WF_grades

Figure E5. CSE and exam z-scores trends for White females.

Figure E6 presents the z-scores trends for Asian females. For both trends, we
observe some variation on the z-scores for grades and CSE, but overall if we look at the
beginning and at the end of semester, not much change is observed. A closer look, we
can observe that for Hispanic, White, and Asian females, the z-scores for grades are
slightly higher than for CSE, which suggests that even though the females are
performing better than the average, they still have some problems in their confidence;
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which has been observed in other studies where females tend to have lower self-efficacy
than males (Pajares, 1996a, 2002; Lloyd, Walsh, & Yailagh, 2005; Dalgety & Coll, 2006;
Hutchison-Green, Follman, & Bodner, 2008; Michaelides, 2008). This trend is different
for the trend observed for Black females, where the z-scores for grades are lower than
the CSE.
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Figure E6. CSE and exam z-scores trends for Asian females.

The trends for CSE and grades for White males are shown in figure E7. The zscores for both, CSE and grades, are closer to 0, which indicates that the average for
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White males is closer to the overall students’ average. The z-scores for CSE and grades
are close together for most part of the semester, but by the end of the semester (CSE4,
exam 4) we can observe a gap between the scores; where CSE scores are higher than the
scores for grades.
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Figure E7. CSE and exam z-scores trends for White males.

The last group is the Asian males. This group of students, on average, has all
their CSE scores and grades above the students’ mean. As shown in figure E8, this
group of students started having a strong CSE and even though there are some
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fluctuations in the trend, it is higher than the overall mean for the rest of the students.
There seems to be some relationship at the end of the semester where the grade and
CSE are both decreasing by the last time point.
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Figure E8. CSE and exam z-scores trends for Asian males.

Conclusions and implications
In this additional analysis, students’ CSE and grades trends were examined for
diverse group of students. One of the concerns from the main study (Chapter V) was
the negative trend observed for Black and Hispanic males. When examining the trends
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for Blacks, it seems that these students were on average overconfident at the beginning
of the semester, but by the end of the semester the gap between their level of confidence
and their grades were closed. However, for Hispanic males, the observed trends were
different than the ones observed for the Blacks. For the Hispanic males, overconfidence
does not seem to be the answer because at the end of the semester there is still a gap
between CSE and grades, but this time students’ performance on the exams are higher
than their confidence in completing relevant tasks. For other group of students, those
observed trends were different for each individual group of students. For some of these
groups, such as Asian females and Asian males, it can be observed some relationship
between the trends; where at the end of the semester those trends have similar
trajectories. These results suggest common experiences in a classroom setting will have
different influences on how students perceived their confidence in performing different
tasks.
This analysis has some implications for instructors. First, if students start the
semester with low self-efficacy, the instruction should help students to build up their
self-efficacy. One way the instructor can help is by providing scaffolded tasks were
students start from simple (easier) task, and those tasks will continue increasing their
difficulty level. Second, for students with similar trends as the Black males, proving
metacognitive activities during instruction could help students to be more realistic of
what they can do. Third, for students with similar trends to the one observed for
Hispanic males, other types of activities, such as serving as a role model or providing
encouragement and positive feedback.
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