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Abstract
Using multiple forms of structural equation modeling, this study demonstrates a progression of
analyses from the most basic confirmatory factor analysis through more complex exploratory
structural equation modeling to interrogate both the construct and discriminant validity of the
RSES and CD-RISC-10 when used as an outcome assessment for research training programs that
target underrepresented students. Not only does this study inform the understanding of the factor
structures for both measures, but it also demonstrates the utility of using more complex modeling
for localized instrument validation. The psychometric assessment of the CD-RISC-10 found
adequate model fit using CFA of the original factor structure, but improved model fit utilizing a
two-factor structure defined through ESEM. However, the modifications made to the original
RSES before being applied to this population resulted in more model fit and factor loadings
inconsistent with its original form. Potential adjustments to the RSES and suggestions for

interpretation are discussed.

Keywords: structural equation modeling (SEM), exploratory structural equation modeling

(ESEM), Research Self-Efficacy, Resilience
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CHAPTER I
Introduction

In the design of any educational intervention, demonstrating the psychometric quality of
the instruments used to evaluate that intervention is crucial to ensuring the scientific soundness
of the research design and properly informing changes to that would enhance the quality of the
intervention. Interventions targeting the improvement of less easily quantified attributes such as
self-efficacy and resilience need to demonstrate that the instruments evaluating outcomes are
valid in the context of their use. This importance is amplified when those measures are being
applied outside of the context in which they were originally developed and validated or have
been modified significantly from their original form. This dissertation examines two such
measures, the Research Self-Efficacy Scale (RSES; Brancolini & Kennedy, 2017; Greeley et. al.,
1989) and the Connor Davidson Resilience Scale (CD-RISC-10, Connor & Davidson, 2003) that
are being used to evaluate the outcomes of research training programs for underrepresented
undergraduate students. Each measure is being applied to a population outside of which they
were previously validated, and one of them, the RSES, has been modified to fit the specific
evaluation goals of the programs from which the data used in this study comes. Determining the
validity of these measures requires not only new psychometric testing using rigorous forms of
analysis but also a reconsideration of how the content is being interpreted and utilized.
Problem Statement

The need for psychometrically sound measures to evaluate research training programs for
underrepresented students is evident, given the tenuous position of significant investment in such
initiatives (National Center for Education Research, 2024). The context-dependent nature of

validity in measurement, particularly in educational settings, is a crucial consideration when
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assessing these programs. For the research training programs, this would involve ensuring that
the assessment tools adequately represent all facets of the intended outcomes. Modifying existing
measures like the RSES and CD-RISC-10 to address program outcomes more directly
necessitates reevaluation in this new context. To do this adequately requires assessments of both
the construct validity of individual measures in context and potential issues with discriminant
validity that arise from the tandem use of assessments for closely related attributes.

Localized validation of measures used for psychological assessment is also important
from a social justice perspective. In an official apology published in 2021, the American
Psychological Association asserted that the widespread misuse and overuse of instruments for
psychological measurement perpetuated social and racial inequities (American Psychological
Association, 2021). Wearing a mask of scientific objectivity, uncritically accepted psychological
instruments were used to legitimize oppression. Many of the ideas these instruments used to
support left a legacy of systemic issues. For example, measures claiming to test intelligence were
used to make decisions about the kinds of jobs people could do or the kinds of scholastic
opportunities they would be provided. For decades, the Stanford-Binet scale claimed to place
students into special education programs based on intelligence. However, the measure was
subject to such cultural bias and interpreter bias that, in effect, it only served to separate Black
and immigrant children from opportunities taken advantage of by their white peers (Garcia &
Hamilton, 2023; Terman & Merrill, 1937). Even more recently developed tests of intelligence
are primarily normed on white, middle-class people, leading to innately lower scores for people
of color. (Ford, 2004).

Measures with questionable psychometric properties are still used to make high-stakes

decisions, notably in the justice system. Intelligence testing has been used to determine parental
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fitness in custody hearings, despite not accurately representing the full range of qualities
necessary for effective parenting, such as emotional responsiveness and the ability to ensure a
child's physical and emotional safety. (Brodzinsky 1993, Sanders & Katz, 2013). Tests intended
to assess specific attributes in clinical populations have been used to determine whether someone
who is suspected of a crime is lying when denying guilt (Wakefield & Underwager, 1993).
Additionally, highly subjective measures such as Rorschach tests are still commonly utilized, and
the conclusions drawn from them are seldom challenged on the grounds of validity (Neal, 2020;
Viglione et al., 2022). Despite the questionable validity of their application in this way, judges
and juries, who are not experts in psychological testing and cannot spot misuse, often value the
outcomes of psychological tests over practical observations (Sanders & Katz, 2013). In a large-
scale analysis of “junk science” in the courtroom, Neal et. al. (2020) found that psychological
tests with poor or unknown psychometric properties are disproportionately used to convict
BIPOC defendants. While accepting misapplied and flawed assessments in the courts has direct
and detrimental acute effects, accepting conclusions of studies without examining their methods
can result in harmful assumptions about psychological attributes.

Shoda, Mischel, and Peake (1990) claimed to be able to predict cognitive ability and self-
regulatory competency via a test of delay of gratification and further connected the ability to
delay gratification to numerous other positive gains later in life, such as lower rates of poverty.
The test in question, the now-famous “marshmallow test,” involved providing a child with a
marshmallow and telling them that if they could refrain from eating it for a period of time, they
would be given an additional marshmallow. The amount of time children could wait was
compared with achievement in their teenage years. However, the actual size of the gains in

achievement from delay of gratification was called into question by later researchers who noted
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that the original research largely examined a homogeneous group of children with regard to
parental environments. Nearly three decades later, Watts, Duncan, and Quan (2018) sought to
replicate the study, but primarily focused on children whose mothers had not completed college.
In a larger and more diverse sample, while controlling for socio-economic status, family
background, and home environment, the strength of the correlation between early delay of
gratification and later achievement markedly diminished. The findings of Watts, Duncan, and
Quan (2018), as well as a later examination of the marshmallow test by Falk, Kosse, and Pinger
(2020), suggest that a child’s home environment may be what is truly predictive of future
achievement. Without a critical reexamination of the original findings of the marshmallow test,
achievement may have continued to be attributed to an inherent characteristic, such as the ability
to delay gratification, rather than circumstances outside the control of a child. It is crucial that
both the measures used to evaluate psychological attributes and the conclusions drawn from the
outcomes of those measures are critically examined.
Research objectives

This study aims to provide a psychometric assessment of the RSES and CD-RISC-10 in
the context of the research training programs for undergraduate students. This study will assess
construct validity from multiple angles, examining how well the data fit present theoretical
models and exploring how the latent variables in those models may change in this new context.
Bandura (2006) noted that resilience and self-efficacy are closely related attributes. Therefore,
confirming that the two measures used to assess those attributes can distinguish between them is
important. Finally, this study offers guidance for interpreting the data collected using these

measures to ensure validity in its applications, not only in its psychometric properties.
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Significance of the Study

Providing evidence for the validity of these measures when used in the context of
research training programs will not only impact the interpretation of the outcomes of the
programs but also inform the use of these tools when evaluating undergraduate research training
programs in the future. Further, examining a progression of model fit utilizing more complex
forms of structural equation modeling will allow future researchers and evaluators to more
completely grasp the complexity of the constructs of research self-efficacy and resilience, aiding
in the interpretation of data produced by the RSES and CD-RISC-10. Allowing for cross-loading
of observed variables onto latent variables that are theoretically distinct from them, as in ESEM,
informs the nature of conclusions that can be drawn from these data.
Research Questions

This dissertation answers the following questions and tests the following hypotheses:

Question 1: Does the established single-factor structure of the CD-RISC-10 demonstrate
better model fit than a two-factor structure when applied to a population of participants in
research training programs for underrepresented undergraduate students?

Hypothesis 1: A two-factor solution will demonstrate an improved model fit compared to
the original unifactorial model.

Question 2: Does the factor structure of the RSES demonstrate adequate model fit when
modified to include only 3 of 4 originally defined latent variables?

Hypothesis 2: The modifications made to the RSES will result in poor model fit.
Changes to the factor structure will be necessary to identify a functional abbreviated version of

the measure.
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Question 3: Do the RSES and CD-RISC-10 discriminate from one another while
simultaneously demonstrating a positive correlation, as theorized by Bandura (2007)?

Hypothesis 3: Significant cross-loading between items will indicate overlap between the
two measures.

Question 4: Does exploratory structural equation modeling (ESEM) produce better
model fit statistics and more useful factor structure for interpreting the complexity of both
research self-efficacy and resilience as constructs, compared to traditional CFA?

Hypothesis 4: Utilizing ESEM will produce better model fit statistics and the cross-
loadings identified in the factor structure can be used to better interpret the outcomes of the

RSES and CD-RISC-10.
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CHAPTER Il
Theoretical Framework and Literature Review

This chapter details the multiple theoretical frameworks at play in this work. These
frameworks encompass the basis for psychological measurement and validity testing, the
foundational understanding of self-efficacy as a component of social cognitive theory, and the
conceptualization and operationalization of resilience as both a state and a trait.

Measurement

To fully understand the methods and conventions of psychological measurement and test
validity, it is important to understand the philosophical underpinnings that form the theoretical
framework of measurement theory. The question of what can be measured is both practical and
philosophical and has no definitive answer. For many early measurement theorists and physical
scientists, it was a common assumption that only physical attributes of an object (i.e. mass,
length) could be measured (Campbell, 1920; Stevens, 1946; Jones, 1971). Even those who were
later instrumental in the development of psychological measurements were skeptical of its
feasibility (Thorndike, 1918; Guilford, 1946).

The perspective that anything outside of the physical is inherently immeasurable
continues with a number of academics and scientists arguing that psychological constructs lack
the definitive clarity, numerical properties, and empirical basis for true measurement (Michell,
2003, 1997; Borsboom, 2004). However, this approach to measurement both underestimates the
extent to which psychological attributes are normally distributed and overestimates the extent to
which physical properties are stable (Thorndike, 1927; Jones, 1971; Cronbach, 1971 Heisenberg,
1927). The Central-Limit-Theorem holds that any attribute that is made up of a large number of

relatively independently functioning factors tends to normally distribute (de Moivre, 1738). To
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that end, one can consider any psychological attribute the sum of a large number of influences
(Jones, 1971; Thorndike, 1927). However, being the sum of many influences also creates an
opportunity for more extensive errors in measurement.

Any measurement procedure is impacted by a component of random error. In
psychology intra-person variability can result in significant errors. The errors produced by
variability in an individual may not correlate to the errors produced by another individual on the
same measure. When looking at something measured by a single indicator (i.e., a direct question)
the impact of measurement error on normality can be diluted with more samples. For example,
asking 10 people “How happy are you?”” would likely produce less normally distributed data than
asking 10,000 people “How happy are you?”. But often there is not the capability to get
thousands more responses on a measure. Utilizing a latent variable model, in which multiple
questions are asked to assess the same attribute, can have the same mitigating effect on normal
distribution (de Ron et. al. 2022). For example, asking 10 people a series of questions designed
by content experts to address the central construct of happiness, such as close non-familial
relationships, self-confidence, and loneliness, can provide a more reliable assessment in a
smaller sample than a single direct question (Cheng & Furnham, 2002).

One measurement issue that psychologists and education researchers must reconcile is
how measurement error is treated. A general assumption necessary for many statistical tests is
that the errors are uncorrelated (Raykov, Marcoulides & Patelis, 2015). When true random
sampling is used to gather data, it is more likely that the errors caused by intra-person variability
are not correlated. Human beings are complex, and the dramatically different life experiences
each person has influence errors in measurement. However, the reality of studying human beings

is that a truly random sample is often not feasible. Even when random sampling methods are
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used, the pool of participants being sampled often shares geographical and cultural proximity.
Due to these connections, it is very likely that errors assumed to be uncorrelated are actually
related in a way that cannot be accounted for in the measurement. New and more complex
psychometric models are needed to account for these potentially correlated errors (Marsh et.
al., 2011; Morrin, Arens, & Marsh, 2014; Marsh, Morin, Parker & Kaur, 2014; Summers &
Falco, 2020).

Another theoretical hurdle for measuring psychological attributes is the absence of a
meaningful zero point for psychological measures. Zero on a physical measure represents the
absolute absence of something. However, it is much more difficult to meaningfully describe
what it looks like to have zero self-efficacy or zero resilience. One might think of a particular set
of behaviors and traits that could be interpreted as having none of those attributes, but that
description would vary based on the observer. Stevens (1946) introduced levels of measurement
that are commonly used to describe data today, and in that text stressed that the most precise
measurements require a true zero point. Other researchers question whether anything without a
true zero point can be accurately measured at all (Borsboom & van; Cliff, 1992; Hand 1996;
Heerden, 2004; Lord & Novick, 1968; Michell, 1997, 1999). Their skepticism is primarily rooted
in the idea accepted since the early 20th century that ratio scales are the most precise and must
contain an absolute zero to be valid (Campbell, 1920; Stevens 1946).

While the presence of an absolute zero point on a scale aids in precision, it is not required
for that scale to be useful. What changes primarily is how that measure can be interpreted and
applied. For example, the summing of scores on a measure with no absolute zero value is
meaningless, as the difference between one point and another is not determinable. However, the

difference between one score and the mean of a set of scores is meaningful and does have an
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absolute zero point at which the score is identical to the mean. (Jones, 1971). By taking the mean
of a set of scores and comparing any individual score to that mean, one creates a ratio scale that
can be interpreted. The degree to which an individual score differs from the mean score conveys
valuable information.

Just as with assessments of psychological attributes, assessments of physical properties
are “limited by the smallest resolution magnitude that can be detected by the instrument used” in
that measurement. (Jones, 1971, pg. 346). That measurement is then subject to the errors that
occur when the observer is interpreting the scale, and human beings are notoriously not free from
error in observation and interpretation (de Ron, et. al. 2022). Absolute measurements for
physical or psychological attributes are therefore not practically possible. The question then is
not whether or not something can be measured, but the degree to which interpretation by the
observer is involved. How a measure is interpreted and applied contributes significantly to that
measure's validity.

Validity

Many early works on test validation put the onus for validity on the measure itself.
(Bingham, 1937; Cureton, 1951; Guilford, 1946; Gulliksen, 1950; Shaw & Crisp, 2011). Validity
was simply an issue of whether a test measures what it purports to measure (Kelley, 1927). A
valid test was a test used to measure “anything with which it correlates” (Guiliford, 1946, p.
429). However, early educational measurement researchers argued strongly for the application of
context when considering the issue of validity (Thorndike, 1918).

Much in the way one does not measure an object, one measures an attribute of that object
(i.e. I am not measuring a tree, | am measuring the height of a tree), statistical validation is not a

validation of a test: it is the validation of “an interpretation of data arising from a specified
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procedure” (Cronbach, 1971, p. 447; Sierci, 2007). At its simplest level, determining validity is
done by comparing the scores on a measure to another observation or measure that addresses the
same attribute. However, oversimplifying how this comparison is made neglects the contextual
nuances at play and represents only a small aspect of validity.

Types of validity are clearly distinguishable. Broadly, validity can be discussed in terms
of either discriminant validity or construct validity (Shaw & Crisp, 2011). The former answers
the question of whether something other than the desired attribute is being assessed (Campbell &
Fiske, 1959). Do scores on one measure correlate strongly with another measure that is
evaluating a supposedly independent attribute? If so, the discriminant validity of the measure
comes into question. It cannot discriminate between those two attributes.

Construct validity addresses the more traditional conception of validity, asking “does the
test measure the attribute it is said to measure?”” (Cronbach, 1971, p. 446) Construct validity
encompasses three subcategories: predictive, criterion, and content validity (Cronbach, 1988;
Cronbach & Meehl, 1955; Meehl, 1954; Westen & Rosenthal, 2005). To have predictive validity,
a test must be interpreted so that future outcomes can be accurately inferred from scores on that
test. For example, scores on a valid driving safety exam should predict the driving practices of
the individual being assessed. Criterion validity is the classical conception of validity: how well
do scores on a measure correlate with another measure known to address the same attribute? For
example, there is a positive correlation between SAT scores and first-year college GPA, because
both measure academic ability (Korbin et al., 2008). Content validity examines the
appropriateness of the items on the exam. Cronbach (1971) plainly states that “correlations have
nothing to do with content validity.” There may well be a negative correlation between the

number of horse-drawn carriages in use and the rate of climate change. However, the connecting



ESEM AS A VALIDATION TOOL
17

factor is that technology has changed with time, and the rate of climate change increases over
time. Including a question about horse-drawn carriages would not have content validity in
assessing climate change rates. Content validity affirms whether the test is relevant to the domain
in which it is used and is a fundamental prerequisite for construct validity (American Educational
Research Association et al., 2014; Messick, 1989). Determining content validity often relies on
domain experts to verify that the questions asked accurately capture the complexity of the
attribute they are intended to measure. (Cronbach, 1971).

Ultimately, a decision about validity depends on the utilization of the test. “Validation
requires a clear statement of the proposed interpretations and uses” of the test (Kane, 2006, p.
23). There needs to be sufficient evidence that supports the use of a test not generally, but for its
specific intended purpose (Sireci, 2007). It requires an understanding of how outcomes of the test
are intended to be applied (Cronbach, 1971; Cronbach and Meehl, 1955; Messick, 1989; Moss
1992). The standards for validity on a test used to inform changes to an educational program are
likely not the same standards that should be used to determine the validity of a test designed to
determine the effectiveness of cancer treatments. Statistically valid models and theories do not
provide rules for action but rather aid in interpreting results in a given context (Cronbach, 1971).
To accurately make judgements on the validity of a measure requires an understanding of how
that measurement is intended to be used, whether it is for assessment or instructional purposes,
for example (Moss, 1992). Attention to the social consequences, particularly in performance-
based assessments, is integral to appropriately determining validity (Moss, 1992).

Given enough data and enough iterations, a theoretical model of how a particular attribute
functions can be developed (Jones, 1971). An approach to assessing general construct validity is

the use of structural equation modeling (SEM) to compare a theoretical model structure of the
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attribute with the model structure from real data (Bacci & Crutchfield, 2020). Two commonly
used approaches to using SEM for validity testing are exploratory factor analysis (EFA) followed
by a confirmatory factor analysis (CFA) of the structure that the EFA suggests.
Self-Efficacy

Self-efficacy describes one’s belief that they can perform a given task and is a key
component within broader social cognitive theory. (Bandura 1977, 1978, 1981, 1982, 1986
1997). “This theory states that psychological procedures, whatever their form, alter the level and
strength of self-efficacy” (Bandura, 1977, p. 191). Self-efficacy is derived from four primary
sources. In order of strength of impact, those sources are previous accomplishments and mastery
experiences, vicarious experiences, verbal support, and psychological state (Bandura 1977, 1978;
Bandura & Adams, 1977; Weinberg, Gould & Jackson, 1979; Zimmerman, 2000).

The first of these influences, previous experiences, describes the extent to which the
individual has accomplished the task in the past. If one has already accomplished a task or
previously demonstrated mastery of that task, it is reasonable to expect that they feel good about
their ability to accomplish it in the future. Vicarious experience describes the extent to which an
individual has seen a task successfully completed in the past. If someone of a similar skill level
accomplishes something an individual is attempting, that individual may feel better about their
ability to accomplish it. Beyond personal and vicarious experience, the level of verbal support
one receives can also increase self-efficacy when attempting new tasks. One may feel better
attempting something new if another person offered encouragement. Or conversely, feel worse if
someone has discouraged them. The final influence is one’s physiological state. For example, a

singer with a strep throat may have lower levels of efficacy around performing a song.
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While outcomes do inform behavior, self-efficacy has been shown to influence behavior
to a stronger degree than outcome experiences, the belief that a behavior will result in desired
outcomes (Bandura, 1977; Shell, Murphy, & Bruning, 1989; Zimmerman, 2000; Zimmerman,
Bandura, & Martinez-Pons, 1992). In fact, self-efficacy strongly predicts both outcome and
persistent behavior (Schunk, 1981). Further, interventions focusing on fostering self-efficacy are
likely to have a longer-lasting effect on behavior than outcome expectancies alone (Bandura &
Adams, 1977). One method of improving and sustaining improvements in self-efficacy is
reframing long-term distal goals into several more proximal ones. Multiple proximal goals
provide an ongoing example of improved achievement towards a distal goal that the learner can
recognize as concrete improvements in their ability (Bandura & Schunk, 1981). These
incremental achievements are a sort of self-generated reinforcement, ensuring that changes in
behavior are intrinsically motivated and more likely to be long-lasting (Deci et al., 1991; Ryan &
Deci, 1985, 1987, 2020; Zimmerman, Bandura, & Martinez-Pons, 1992).

Self-efficacy influences behavior in various ways beyond the likelihood of behavior
being repeated or the probability of achieving a given outcome. As far as completing tasks, self-
efficacy beliefs determine whether someone attempts a task, how much effort they put into that
task, and how persistent they will be at achieving that task, especially when that task is
challenging (Bandura, 1977, 1978; Bandura & Adams, 1977). Research has shown that self-
efficacy motivates behavior more than fear of an outcome or experience (Bandura, 1983).
Interventions targeting self-efficacy through repeated exposure have reduced phobic reactions by
changing how people perceive their ability to manage a given threat (Bandura, 1983; Bandura &

Adams, 1977). “Persistence in activities that are subjectively threatening but in fact relatively
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safe procedures, through experiences of mastery, further enhancement of self-efficacy and
corresponding reductions in defensive behavior” (Bandura, 1977, p. 191).

As previously discussed, self-efficacy is primarily informed by personal experiences with
a task, vicarious experiences, verbal support (encouragement/discouragement), and physical
state. (Bandura, 1977). Addressing one influence without the others is likely an ineffective way
to foster growth in a skill. For example, allowing a student to attempt the task in an environment
in which failure to complete the task has minimal consequences provides mastery experience that
directly informs their self-efficacy beliefs around that task. However, the process of trial and
error for a task may not provide the quickest route for learning a skill initially, and verbally
encouraging the student to perform a task for which they have no context might provide an
inaccurate perception of the task's demands. That is particularly true if the task has not been
modeled for the learner. Without context or verbal support, the learner may attribute their failure
to unchangeable qualities, leading them to no longer pursue the task. “People convinced
vicariously of their inefficacy are inclined to behave in ineffectual ways that” confirm their low
efficacy beliefs (Bandura, 1981, pg. 203). Repeated discouraging experiences create a risk for
self-fulfilling prophecy. A combination of rehearsal, modeling, and constructive feedback
typically accelerates skill acquisition through self-efficacy (Bandura, 1978).

Modeling a task is an effective way to begin self-efficacy intervention (Bandura, 1978).
Compared to didactic instruction, modeled instruction resulted in more significant increases in
efficacy and skill development (Schunk, 1981). Because misattributions about the feasibility of a
task are often influenced by a lack of complete information about what the task involves,
modeling the learning task can provide important contextual information needed for the learner

to accurately identify the cause of the outcome. “People see the extraordinary feats of others, but
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not the unwavering commitment and countless hours of persevering effort that produced them”
(Bandura, 1997, p. 119). Knowing what kind of efforts and regulatory processes are needed to
perform a task successfully, and providing context for metacognitive reflection, allows for
effective evaluation of outcomes such that efficacy can be increased (Bandura, 1997; Schunk,
1981, 2012).

Within the context of skill acquisition, the primary aspects of self-efficacy at play are the
level and strength of self-efficacy. Level refers to the degree to which self-efficacy depends on
the task's difficulty. Strength of self-efficacy refers to the degree of certainty one has around the
ability to perform a task (Bandura, 1997). However, the extent to which that efficacy transfers
across tasks merits exploration. Improvements in self-efficacy for one task can change behavior
in others. For example, Bandura and Adams (1977) found that efficacy interventions that
addressed one phobia also reduced avoidant behavior around unrelated tasks. In another study,
participants with higher levels of self-efficacy demonstrated more positive self-talk and were less
likely to attribute successes to luck in future tasks (Weinberg, Gould & Jackson, 1979). While
efficacy in one task may be generalizing to efficacy in another, it is important to note that this
does not indicate general self-efficacy. Self-efficacy is task-specific. This distinguishes it from
constructs such as self-esteem: You can have generally low self-esteem about something (i.e., |
am bad at math) and high self-efficacy around a specific, related task (i.e., | can add two
numbers together). The reverse is also possible (Bandura, 1997; Zimmerman, 2000). This
distinction is particularly important when conceptualizing tools for the measurement of self-
efficacy.

“[M]easures of self-efficacy are not only conceptually distinct from closely associated

constructs such as outcome expectancies, self-concept, and perceived control, they have
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discriminant validity in predicting a variety of academic outcomes” (Zimmerman, 2000, pp. 85-
86). Bandura (2006) provides a guide for creating self-efficacy scales. First and foremost, scales
for self-efficacy need to be domain-specific. They must address the issue of self-efficacy while
situated within the task of interest, capturing a variety of difficulty levels to cover the varying
demands involved in the task; the determination is never “cfficacious or not”. To adequately
capture this range, Bandura (2006) recommends the use of items on a 0-100 scale, going from
“cannot do at all” to “highly certain can do”. The scales must also be temporally situated,
evaluating what someone thinks they can do now, not what they think they will do in the future.

These measures should be administered privately, not only to minimize social pressure,
but also to aid the scales' nonreactivity; the scale's administration should not alter behavior. To
that end, efforts to minimize stereotype threat should be taken. For example, if examining self-
efficacy in math, reminding the participant of stereotypes connecting race and gender to
mathematical ability alters the outcome of the assessment such that it will not accurately
represent the sample (Appel & Kronberger, 2012; Logel & Davies, 2016; Ryan & Ryan, 2005).
This may mean taking steps to account for autonomic perception that occurs during the test-
taking process. Feltz and Mungo (1983) found that self-efficacy mediates autonomic perception
and performance.

Bandura (2006) also speaks to the necessity of strong psychometric interrogation of the
measure, stating that it should show accurate reliability (measured through Cronbach’s alpha)
and provide predictive power over other variables such as motivation, perseverance, and
emotional resilience within the respective domain. While many of these guidelines for measuring
self-efficacy are modern best practices for executing any survey today, special attention should

be paid to the criterion for validity laid out by Cronbach (1971) regarding how the data produced
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by the measure will be interpreted (Blair, Czaja & Blair, 2013). Any survey designed to examine
self-efficacy in a specific domain can only be interpreted in the context of that domain.
Research Self-efficacy

A goal of this work is to evaluate a measure that examines self-efficacy in the context of
performing research. Improving self-efficacy around research tasks is a primary goal for many
research training programs. Incorporating interventions designed to enhance self-efficacy can
synergize, improving the training program's effectiveness (Goulart et al., 2022). These programs
aim to create a more equitable landscape for scientific inquiry (National Center for Education
Research, 2024). Studies have shown that the synergistic effect is particularly salient for students
from underrepresented groups (Butz et al., 2018). Improving research self-efficacy can help
address disparities in research fields. Increased research self-efficacy also improves disposition
toward research, mediating an increase in scholarly productivity (Hemmings & Kay, 2016).
Studies on research training programs have consistently found that those with higher research
self-efficacy tend to have increased publication output (Hollingsworth & Fassinger, 2002;
Hemmings & Kay, 2010; Pasupathy & Siwatu, 2014; Hemmings & Kay, 2016; Livinti et al.
2021).

There are several measures that are used to examine research self-efficacy. A
modified version of the 53-item Research Self-Efficacy Scale (Bieschke et al., 1996; Greeley et
al.,1989) that had been reduced to 38 items was used to evaluate the research training programs
of interest to this study. Research suggests that because the 38-item RSES was validated on
present doctoral students, it is more suitable for those trained in research practices (Bieschke et
al., 1996; Brancolini & Kennedy, 2017). This abbreviated version was used because these

programs are designed to equip undergraduate students, who often do not have experience with
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research skills, with the necessary knowledge and efficacy to do research at a professional level.
Hierarchical regression of this measure identified three components of research self-efficacy:
early tasks, conceptualization, and implementation (Brancolini & Kennedy, 2017). These three
components were originally identified by Bieschke et al. (1996) as being the components from
the 53-item version that accounted for unique variance in whether the participant was interested
in pursuing further research.

Resilience

Resilience refers to one’s ability to attain positive outcomes despite challenging
circumstances, allowing one to effectively cope with stress or trauma (Zoloski & Bullock, 2012).
Resilience is not necessarily attached to achievement outcomes, but rather to the absence of
detrimental outcomes that are produced by adverse experiences. For example, many people will
encounter some form of trauma within their lives, but only a small few will develop conditions
such as PTSD or depression in response to those traumas (Wu et al., 2013). More resilient
individuals often display more empathy and better problem-solving skills, and children who are
more resilient tend to be more future-oriented (Cowen et al., 1992; Seginer, 2008). Resilience
also plays a role in many major life decisions such as what topics to study or what jobs to pursue
(Herman et. al. 2011)

Resilience and self-efficacy are undeniably linked. Bandura (1977, 1982) established that
efficacy plays an important role in our decisions about whether to persevere in difficult situations
by shaping how one interprets their abilities and informing what they believe they are capable of
enduring. Bandura (1978) noted that self-efficacy informs emotional responses to challenging
situations, and that those with high self-efficacy tend to manage stress in healthier ways, an

observation also made of resilience by McLafferty, Mallet, and McCauley (2012). Some
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researchers have examined resilience as an attribute that manifests as self-efficacy (Boardman et
al., 2011). Maddux (2013) also connected self-efficacy with the ability to adapt to changing and
stressful circumstances. Measures of self-efficacy should be strong predictors of resilience
(Bandura, 2006; Martinez-Marti & Ruch, 2017). With the two constructs being so intertwined, it
is a challenge for measures of resilience to show that what they are assessing is truly resilience
above and beyond self-efficacy.

Resilience manifests both as a trait, enduring for a longer period, and as a state, more
temporal and circumstantial (Child & Medvedev, 2024). One may be generally more resilient to
stressful situations, but have little resilience to a specific stressor. However, examinations of
multiple scales used to evaluate resilience within the same people at different timepoints showed
little variation by time point or person, lending strength to the idea that resilience can be
measured as a generally stable trait (Child & Medvedev, 2024). While generally stable across
evaluative measures, when looked at over a lifespan, resilience is a “mutable, scalable, dynamic
and fluid characteristic...and is largely context dependent”. (Denckla et. al. 2020, p.3; Herman
et. al. 2011)

In fact, resilience can be fostered through experience and intervention. Research into
resilience in children has found several factors that support its development. An environment that
is loving and supportive, that avoids repeated exposures to uncontrollable stress and trauma, such
as abuse or war, promotes resilience in developing children (Wu et al., 2013). Additionally,
experiences overcoming manageable life challenges can promote lifelong resilience, much like
mastery experiences promote self-efficacy (Bandura, 1977; Wu et al., 2013). Interventions that
impact skills like problem-solving and developing autonomy can also increase resilience

(Waxman et al., 2003). Resilience also predicts more positive coping methods, particularly in
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high stress situations (McLafferty et al., 2012; Zeuger et. al., 2022). Researchers have argued
that interventions and public policy that support fostering resilience are crucial for long-term
national wellbeing (Herrman et. al. 2011). However, there are potential sources of resilience that
are not easily accessed through intervention. There are known neurobiological markers and
epigenetic factors that contribute to an individual’s resilience to stress, including abnormal
amygdala activity (Wu et al., 2013; Denckla et al., 2020).

Resilience is also conceptualized as both a characteristic of an individual and a process an
individual engages with in order to recover from stressful or traumatic events. As a process,
someone is able to acknowledge the adversity they are facing, and either endure it without
suffering, being unaffected by the adversity, or they are affected but able to either “bounce-back”
to pre-adversity levels of functioning or exhibit post-traumatic growth to return to higher than
pre-adversity levels of functioning (Ayed, Toner, and Priebe, 2019; Bonanno et al., 2015; Crowe
et al., 2016). Characteristics of resilience include a set of attributes that one uses to protect
oneself from harmful outcomes, such as human, hope, and motivation. The resilience that comes
from one’s surroundings and social context can also be accessed as needed (Ayed, Toner, and
Priebe, 2019). Grafton et. al. (2019) identified what they call the 3 R’s of resilience: resistance,
recovery, and robustness. Resilience measurements have been designed to assess those attributes
to explain different internal sources of resilience (Asheim et al., 2020).

Measuring resilience

Many measures of resilience are self-reported scales in which an individual is gauging
how resilient they believe they would be in a specific scenario. This has led to criticism that such
measures are actually assessing coping self-efficacy, something that is a direct predictor of

resilience, but not resilience itself (Denckla et al., 2020; Wu et al., 2013). Resilience may be less
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of a stable trait and more an outcome of internal processes that occur as a response to stress. “If
we believe resilience is a process rather than a trait, then to assess the presence of resilience, you
have to wait for some kind of stressful experience to happen and then see how people respond,;
only then can a researcher ascertain if the overall process indicates resilience or not” (Denckla et.
al. 2020, pg. 4).

Measurement of resilience is difficult to do without touching on one’s beliefs about their
own ability, largely due to the fact that researchers cannot ethically induce trauma. Much of the
early psychological work on measuring resilience examines children who were traumatized by
abuse or by war, and who later return (or do not return) to pre-trauma levels of functioning
(Luthar & Zigler, 1991). In order to expand research on resilience, many researchers began
utilizing measures of life stress and adjustment to life stress, rather than trauma specifically.
(Luthar & Zigler, 1991). Lazarus (1984) argued that it is better to look at everyday life “hassles”
rather than traumatic events as indicators of stress, given that they are more frequent and less
heterogeneous. Therefore, resilience is primarily measured by looking at the determinants of
resilience (Asheim, 2020).

Connor and Davidson (2003) conceptualized resilience as a measure of stress coping
ability, rather than reaction and recovery from traumatic events, and developed a measure to
assess resilience for the purpose of treatment in anxiety and depression. The Connor-Davidson
Resilience scale (CD-RISC-25) in its original form contains 25 items, and across multiple
groups, the researchers found that higher scores on this measure were associated with greater
improvement in response to treatment. An exploratory factor analysis (EFA) was performed by
Connor and Davidson (2003) who identified five factors: (1) personal competence, high

standards, and tenacity, (2) trusting one’s instincts, tolerance of negative affect, and
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strengthening effects of stress, (3) positive acceptance of change, (4) control, and (5) spiritual
influences. The sample that was used to derive the original CD-RISC was 77% White and had a
mean age of 43.8 years (Connor & Davidson, 2003), warranting questions about its validity
when applied to undergraduate students from underrepresented populations. Connor and
Davidson (2003) could not effectively speak to the veracity of their measure about specific racial
minorities, as they grouped all other groups as “non-white”.

A later EFA of the CD-RISC-25 by Campbell-Sills and Stein (2007) found that the
measure had an unstable factor structure across samples with the same demographic make-up. In
contrast with Connor and Davidson (2003), their sample was closer in age to the undergraduate
population served by the research training programs of interest to this study. However, more than
two-thirds of their sample was White, with the second largest group being Hispanic, constituting
only 13.4% (Campbell-Sills & Stein, 2007). The researchers were able to identify 10 questions
(items 1, 4,6, 7, 8,11, 14, 16, 17, and 19 from the original scale) that were not only
psychometrically stable and contained minimal redundancy but also strongly positively
correlated with outcomes from the original 25-item measure (r=.92). Further exploration of this
10-item measure (CD-RISC-10) identified a factor structure containing two factors the
researchers labeled hardiness and persistence. However, persistence was determined by a single
item on the measure, leading many other researchers to interpret the CD-RISC-10 as a single-
factor measure of resilience (Davidson, 2020).

In addition to the 25 and 10-item versions, a highly abridged 2-item version (CD-RISC-2)
was developed for use alongside other measures to predict recovery time for PTSD patients
(Davidson, 2020). Comparisons of the three versions of the CD-RISC lend theoretical support

for the 10-item version. One study found that between the 25, 10, and 2-item versions of the
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measure, only the CD-RISC-10 demonstrated convergent and divergent validity (Kuiper et al.,
2019). Another study examining resilience in competitive athletes found that the 10-item version
was psychometrically superior to the 25-item version and more useful than the 2-item version
(Gonzales et al., 2016). The CD-RISC 10 has since been validated across populations of diverse
individuals and in multiple languages (Davidson, 2020; Wolly & Jacobs, 2023). However, the
acceptance of a unifactorial model has been called into question. In addition to the two-factor
structure first identified by Campbell-Sills and Stein (2007), Aloba et al. (2016) found improved
model fit and factor structure stability using a 2-factor hierarchical solution with resilience as its
first-order variable composed of toughness and motivation, with factor loadings more evenly
distributed than those found by Campbell-Sills and Stein (2007). This interpretation of the CD-
RISC-10 is supported by subsequent research; however, it has not yet been approved in the
official CD-RISC Manual, leaving the need for further testing ( Davidson, 2020; Smith et al.,
2018).

This study provides the opportunity to evaluate the CD-RISC-10 in a population that is
markedly different than the samples used to derive both the original CD-RISC and the CD-RISC-
10. Specifically, this study addresses what the structure of these measures is when completed by
a sample primarily composed of Hispanic women.

Factor analysis and SEMs

Confirmatory factor analysis (CFA) is a type of SEM analysis that allows researchers to
examine the relationship between observed and latent variables that cannot be directly measured
(Joreskog, 1964). CFA tests how well data fits an existing or proposed model with previously
dictated pathways. In psychological tests, the goal of the test is often to measure a variable that

cannot be directly observed (i.e., a latent variable) by examining several variables that can be
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observed. The strength of the relationship between the latent variable and the observed variable
is expressed as a factor loading value between -1.0 and 1.0 and is interpreted similarly to a
Pearson correlation coefficient or regression coefficient. The square of these factor loadings can
be interpreted as percentages of test variance (Cronbach, 1971). However, highly correlated
variables have been shown to yield standardized factor loadings lower than -1.0 and greater than
1.0 (Brown, 2015; Devlieger & Rosseel, 2023). Confirmatory factor analysis, as an aspect of
structural equation modeling (SEM), also yields statistics that indicate the fit of the proposed
model with a hypothetical model that perfectly matches the observed data. (Brown & Moore,
2012).

While CFA can be used to confirm basic SEMs composed of well-understood latent
variables, the fact that the cross-loading of items is constrained to 0 in this analysis limits its
ability to adequately describe more complex attributes. Many academics argue that over-reliance
and over-use of CFA in modeling motivation is to blame for the issues of replicability and
reliability in the study of motivation (Marsh et al., 2011). Large-scale analysis of published
papers also suggests that methodological robustness, including revising previous models, is key
in creating replicable data (Youyou, Yang, and Uzzi, 2023).

Exploratory factor analysis (EFA) is similar to CFA. Both allow researchers to examine
interactions between latent and observed variables. However, the key distinction is the
constraints put on CFA. Items in a CFA can only map onto the latent variables to which they are
already theoretically connected. However, an EFA allows items to cross-load, and can assess
relationships between items that may have been overlooked in previous structural equation
models. Typically, an EFA will be performed to determine the suggested structure of a construct,

and then that structure can be tested using CFA.
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The decision about whether to use an EFA or a CFA is primarily rooted in the
researcher's degree of certainty about the model they are examining (Gorsuch, 2014). If there is a
robust and trusted theory regarding the structure, one might elect to utilize a CFA (Mulaik,
2014). However, one must also remember to be critical of existing models. Even when theory
provides a model, its universal applicability is far from guaranteed. Often, an EFA will be used
first to establish what items load heavily on what factors, before revising the model constraints
and rerunning a CFA on the revised model (Gorsuch, 2024). However, EFASs capture more
complexity than rigid SEMs produced by CFAs.

Exploratory structural equation modeling (ESEM) integrates the strengths of EFA into a
structural equation model in which the confirmatory checks of CFA can still occur, but without
the need for factor loadings to be constrained (Asparouhov & Muthén, 2009; Marsh et. al.,
2009). Allowing factors to cross-load is particularly useful when variables in the model may
have more than one source of variance (Morin et. al., 2013). This flexibility is important when
examining psychological constructs that are not easily measured or structured. Using ESEM, a
researcher can examine cross-loading amongst conceptually connected variables (as one would
with an EFA) but also be able to produce goodness of fit statistics, incorporate covariates, and
look at potentially correlated residuals (Alamer, 2022; Marsh & Alamer, 2024).

Typically, items that correlate strongly with the latent variable intended to be measured,
but not other latent variables, are retained for use on the measure. This gives the interpreter a
sense of the criterion validity of a model. Suppose items do not correlate with their intended
latent variables or correlate highly with another. In that case, it may indicate that the content of
those items should be examined. High inter-item correlations often reflect inadequate construct

sampling (Clark & Watson, 1995). This means items may not represent the full range of
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complexity within the measured construct. However, there are times when highly correlated
items are retained due to distinctions in the utilization (Brown & Moore, 2012; Cronbach, 1971).
For example, working memory, attention, and information processing speed are often highly
correlated and likely share variance between related factors (Friedman & Miyake, 2017; Kail &
Hall, 1994; Salthouse 1996). However, each of those attributes is interpreted in distinct ways.
Difficulties with working memory may indicate a need for more scaffolded learning, attention
issues may indicate a need for behavioral or pharmaceutical intervention, and slow processing
speed may necessitate more time for learning (Alloway & Alloway, 2010). Including
overlapping items can be justified if they contribute to different interpretations and decision-
making aspects.

While stronger factor loadings are typically the justification for accepting a model, a
proposed use of factor analysis is to examine what does not correlate with the latent variables.
Chamberlain (1965) and Cronbach (1971) suggest that factor analysis should be used to test a
counterhypothesis rather than a hypothesis. If no highly correlated factors of a measure are

applied to the counterhypothesis, there is more support for the original hypothesis.
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CHAPTER Il
Methods
Procedure

The data being examined in this study came from eight research training programs at the
University of Arizona that target undergraduate students from underrepresented populations.
Potential participants are identified through multiple forms of outreach, including web-based
advertisements, outreach through university listservs, open information sessions hosted by
multiple colleges, and direct outreach to undergraduate classes. Interested people submitted
general applications, which were sorted and selected to be interviewed by representatives of
whichever training program most matched their research interests. The data being evaluated for
this work was collected between 2016 and 2025 as part of a longitudinal evaluation of the
effectiveness and outcomes of these programs. The data was taken at the pre-intervention time
point and represents the state of the participants' research self-efficacy and resilience before
starting their research training program.

Fellows were contacted via email and prompted to complete a series of surveys using the
Research Electronic Data Capture (REDCap) web-based platform. Participants received multiple
reminders to complete the surveys, but completion was not compulsory. There were no negative
consequences for the fellows who chose not to respond. As the measures were voluntary, not all
participants completed all measures. Therefore, the number of participants is not consistent
across measures. Additionally, not all respondents provided demographic information at the first
time point, as demographics were gathered through a separate voluntary survey. Of the 200
participants who responded to the CD-RISC, 92 volunteered demographic information. Of the

173 participants whose data from the RSES is being used, 98 provided demographic information.
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Participants

These research training programs specifically target students who are underrepresented in
their fields and/or the student body as a whole. As such, they differed in key ways from the total
demographic make-up of the university. Respondents for both measures were primarily
Hispanic, female, and first-generation college students (Table 1). Compared to the most recent
enrollment demographics of the University of Arizona undergraduates, this sample had nearly
double the proportion of Black students as well as American Indian or Alaskan Native students,
in addition to more than double the proportion of Hispanic students (University Analytics &
Institutional Research, 2024).

Table 1: Demographic information (%)

CD-RISC RSES
Race/Ethnicity
Hispanic 59.8 60.2
White 17.4 16.3
Black 13.0 14.3
American Indian/Alaskan Native 6.5 6.1
Asian 6.5 6.1
Hawaiian/Pacific Islander 1.1 1.0
Gender Identity
Female 71.7 73.5
Male 25.0 23.5
Nonbinary 33 3.1
First Generation 54.4 56.12

Note: RSES (n=98), CD-RISC (n=92)

Participant responses were provided for the present study as secondary data for
psychometric analysis. This work was determined to be not human subjects research by a local-

site institutional review board.
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Intervention

The training programs from which this sample comes largely focus on apprenticeship and
practical experience. Fellows participate in courses designed to teach them the basics of research
design and manuscript preparation. They also attend multiple workshops that provide
professional development around presenting research and applying to graduate programs. The
central component of these programs is the apprenticeship aspect, in which fellows are paired
with a research mentor who holds a PhD and actively performs research. The fellows assist in
ongoing research and design and execute their own study under the guidance of a more senior
researcher. At the conclusion of their program, the fellows present their findings as a traditional
oral presentation and during a poster session. Fellows are subsequently encouraged to find
mechanisms for scientific and non-scientific dissemination of their findings.

Instruments

Connor-Davidson Resilience scale - 10 Item (CD-RISC-10)

The CD-RISC-10 (Campbell-Sills & Stein, 2007; Davidson, 2020) was used to assess the
baseline resilience of the participants. This version of the CD-RISC retains 10 of the original 25
items and asks participants, rating on a 5-point Likert scale (0-4), to consider how a series of
statements applies to any stressful situations they encountered over the last month. If no stressful
situations occurred within the last month, participants are asked to respond according to how
they believe they would have felt. Participants rate the statements as either not true at all (0),
rarely true (1), sometimes true (2), often true (3), and true nearly all the time (4). Each statement
addresses aspects of responses to hardship that are theoretical determinants of resilience, such as
“having to cope with stress can make me stronger” and “I am not easily discouraged by failure”.

(Appendix A).
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Research Self-Efficacy Scale (RSES)

A version of the 53-item Research Self-Efficacy Scale (RSES; Greeley et al.,1989;
Bieschke et al., 1996) was adapted and modified by the evaluation team for the research training
programs to address specific domains of research self-efficacy that are most relevant to the
programs’ intended outcomes. The original RSES used 53 items to examine research self-
efficacy through four latent variables representing different stages of the research process: (1)
early tasks, (2) conceptualization, (3) implementation, and (4) presenting findings. Of those
factors, Bieschke et al. (1996) determined that only early tasks, conceptualization, and
implementation accounted for unique variance in whether someone is interested in pursuing
research as a career. Because motivating interest in a research career is an expressed goal of
these training programs and because presentation efficacy was determined through practical
assessments, the team that initially collected this data utilized only questions from those three
subscales. Removing the presenting findings items from the measure produced an abridged 38-
item measure.

The modified RSES provided participants with a list of behaviors required at different
stages in the research process, asking them to rate on a scale of 0-100 (no confidence - complete
confidence) their degree of confidence in their ability to successfully perform the behavior.
These items included the ability to “follow ethical principles of research”, “synthesize current

literature”, “choose appropriate research design”, and “organize collected data for analysis”

(Appendix B).
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Data Analysis

Data from the CD-RISC-10 and the modified RSES were analyzed using a combination
of SPSS 29 (IBM Corp, 2022) and Microsoft Excel (Microsoft Corporation, 2021). Structural
equation models and model fit indices were produced using MPIlus version 8.8 (Muthén &
Muthén, 2022). Both measures were evaluated for normality at the item level and scale level. For
the CD-RISC, the scale level analysis used sum scores from the CD-RISC-10 as a composite
describing resilience (Davidson, 2020). For the modified RSES, the distribution of the three
selected sub-scores described by Bieschke et. al. (1996) was examined. Skewness and kurtosis at
both the item and scale levels were largely within acceptable ranges for the CD-RISC-10 and the
modified RSES (Kline, 2023). However, two outliers were identified in the RSES data, with
extremely low scores more than three standard deviations from the mean. Additionally, the time
it took these two participants to complete the measure was substantially low, indicating they read
and responded to items at a rate of less than two seconds per item. While it is not impossible that
they were able to process information rapidly, brevity combined with uniform responses suggests
the responses were not legitimate. Those two participants were removed from the RSES data
(n=173). While those students are of interest at a programmatic level, it is necessary to remove
them from the data set when evaluating the psychometric properties of the scale. Internal

reliability at a scale level for both measures was determined using Cronbach’s alpha (), which
examines the proportion of total variance that reflects shared variance among items.
Complete descriptive statistics for both the items and the scale/subscales for the CD-RISC-
10 and modified RSES are provided in the next chapter.

To determine if the single-factor structure of the CD-RISC-10 fit this data, an initial

confirmatory factor analysis (CFA) was performed, designating all items to load onto the single
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factor of resilience. Following the CFA, the potential for a 2-factor model as described by Aloba
et. al. (2016) and Smith et. al. (2018) was explored, first utilizing CFA along the pathways
described in previous research and subsequently using exploratory structural equation modeling
(ESEM) both to examine the model fit of the 2-factor model and to examine the potential for
cross-loading between items.

The modified RSES (n=173) underwent a similar process. First, CFA was used to
examine the model fit of the theoretical model that was assumed when the data was first
gathered, followed by an ESEM to determine where instabilities in the factor structure may arise.
Adjustments were made to the measure to examine potentially more stable factor structures, and
further ESEM was used to examine the revised model as well.

Following the individual assessment of measures, an ESEM containing all latent
variables and items from both the CD-RISC-10 and modified RESES was performed to examine
the potential for cross-loading between items on a measure that evaluates two constructs that are
theoretically closely related.

As a gauge of model fit, multiple statistics were used. First, Chi-Squared (3?) was used as
a general indicator of the difference between the observed covariance matrix and the model-
predicted one. Large and statistically significant values for 2 indicate poor model fit. However,
the test used to determine this statistic assumes large sample sizes. This can lead the test to
amplify small differences and may lead to the false rejection of a model. Therefore, additional
statistics are necessary for making a decision about model fit (Kline, 2023).

The Comparative Fit Index (CFI) utilizes the > but adjusts for model complexity and
sample size. CFl is calculated by subtracting degrees of freedom (df) from y? values for both the

target and null models that assume unrelated variables. The value from the target model is
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divided by the values for the null model and the result is subtracted from 1. CFI values closer to
1 indicate better model fit. Generally, values greater than .9 indicate acceptable model fit (Hu &
Bentler, 1999).

The Tucker-Lewis Index (TLI) also compares an existing model to a null model, but
favors less complex models and provides a more conservative estimate of model fit than the CFI
while being less sensitive to sample size than y2. Similar to CFI, the TLI statistic is interpreted as
indicating better model fit the closer it is to 1, and values greater than .9 indicate acceptable
model fit (Hu & Bentler, 1999).

Root Mean Square Error of Approximation (RMSEA) was also used as an indicator of
model fit. RMSEA is able to adjust for sample size as well as model complexity and provides an
estimate of how well the model would fit the population per degree of freedom. This statistic
represents the square root of the difference between the model’s 2 and degrees of freedom,
scaled by sample size. Lower values for RMSEA indicate better model fit, with values between
.05 and .08 indicating acceptable model fit. However, RMSEA values less than .05 are
considered the cut-off for close fit (Hu & Bentler, 1999).

The final statistic used in this study to evaluate model fit is the Standardized Root Mean
Square Residual (SRMR). Unlike other statistics used for determining model fit, the SRMR
compares standardized observed covariances between two variables with expected covariances,
producing the average standardized difference between the covariances predicted by the model
and the covariances observed in the data. SRMR, unlike RMSEA, CFI, TLI, and >3, is less
sensitive to sample size and model complexity. Like RMSEA, values less than .08 indicate

acceptable model fit, while values less than .05 indicate ideal model fit.
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Each of these statistics is calculated for the existing and explored models for the CD-
RISC-10 and modified RSES and is interpreted collectively to provide a comprehensive

understanding of how the proposed models fit the data being analyzed.
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CHAPTER IV
Results

Descriptive Statistics

CD-RISC-10

Descriptive statistics for the 10-item version of the CD-RISC are reported in Table 1. All
items were checked for normal distribution by evaluating skewness and kurtosis. Values for
skewness ranged from -.33 (item 8) at the highest and -1.07 (items 6 and 9) at the lowest.
Kurtosis values ranged from .45 (item 9) to -.74 (item 8). All scores for skewness and kurtosis
fall within acceptable ranges for univariate normality (Kline, 2023). Mean scores for each item
ranged from 3.50 (SD=.66) to 2.67 (SD=1.04) while the scale mean was 31.1 (SD=5.83),
indicating that the sample overall displayed moderately high levels of resilience. Internal
consistency was high (a=.88), confirmed by moderately strong positive but statistically
significant inter-item correlations (Table 3). Most inter-item correlations were significant at the
p<.001 level. Correlations between items 3 and 8 (r=.23) as well as between 3 and 10 (r=.21)
were significant at the p<.01 level. The correlation between items 3 and 7 was a weak positive
correlation (r=.16) was significant at the p<.05 level.

Table 2: Descriptive Statistics for CD-RISC-10

Item m SE SD Skewness Kurtosis
cdriscl 3.39 .05 .64 -.57 -.62
cdrisc2 3.18 .05 .76 -.52 -.46
cdrisc3 3.06 .06 .90 -.58 -41
cdrisc4 3.01 .06 .88 -.60 .08
cdrisch 3.14 .06 .80 -.55 -44
cdriscé 3.50 .05 .66 -1.07 40
cdrisc7 2.88 .06 .88 -.34 -.45
cdrisc8 2.67 .07 1.04 -.33 -74
cdrisc9 3.23 .06 .92 -1.07 45

cdrisc10 3.06 .06 .85 -.66 A1

Total 31.1 41 5.83 -.38 -41

Note: n=200
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Table 3: Inter-item correlation matrix for CD-RISC-10
ltem 1 2 3 4 5 6 7 8 9 10
1.0
B4*** 10

39***  34FF+ 10

ALFRR AqErx 3gRRx 10

'51*** '50*** .30*** .51*** 10

AQFHE GlRRx ZORRR 3EFrRx 48* 1.0

A2%FE ABFFE 16* A3FFE AL A1 10

ATHH%x ABF** D3R AB*AE BERxx foRkkk BARER 10

'48*** '55*** .29*** .50*** '44*** .54*** .46*** .64*** 10

10 R YAk okl A0***  A1FA+ Z7FRE 30Fr* GlxEF B3R 10
Note: n=200, all values represent Pearson correlations (r), *p<.05 **p<.01, ***p<.001

©O©oo~NO O WNPE

RSES

Descriptive statistics for the modified RSES are presented in Table 3. Measures of
skewness ranged from .02 (item 38) to -1.83 (item 2), showing a slightly negative skew across all
items except item 38. Values for kurtosis were more variable, ranging from 4.48 (item 9) to -1.00
(item 38). Items 2, 4, 9, and 21 were more platykurtic than all other variables in the data set.
Despite the higher-than-desirable levels of kurtosis for these items, they do fall within the
acceptable range for the purposes of factor analysis utilizing robust estimators (Kline, 2023).
Mean scores for the RSES items ranged from 92.49 (SD=11.42) to 44.97 (SD=3.03), showing a
large amount of variance across the items on this scale. As the scale is intended to capture
distinct domains of research tasks, that is not particularly surprising. However, a further
examination of this variability is included in the Discussion section. Scores of skewness and
kurtosis for the three subscales found by Bieshcke et. al. (1996) to account for the most unique
variance in whether participants pursuing future research were all within the -1/+1 range,
meeting assumptions for univariate normality. Mean scores for those values indicate greater
efficacy for the tasks involved in the early stages of research (m=81.58, SD=12.78) with
progressively lower efficacy and higher variance for the conceptualization (m=74.35, SD=14.43)

and implementation (m=65.58, SD=2.11) stages.



Table 4: Descriptive Statistics for RSES
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Variable m SE SD Skewness Kurtosis
rsesl 81.62 1.30 17.11 -1.07 1.09
rses2 92.49 .87 11.42 -1.83 3.36
rses3 82.25 1.22 16.07 -1.06 1.19
rses4 85.14 1.27 16.66 -1.40 3.11
rsesb 75.84 1.54 2.26 -.79 .59
rses6 72.20 1.59 2.93 -.59 .25
rses? 70.69 1.70 22.40 -.66 19
rses8 79.19 141 18.60 -1.16 1.87
rses9 82.20 1.43 18.83 -1.74 4.48

rsesl10 84.39 1.14 14.99 =77 .05
rsesll 80.69 1.33 17.51 -1.01 1.33
rsesl2 64.80 1.72 22.69 -.61 -.06
rsesl3 64.22 1.76 23.13 -.66 13
rsesl4 73.35 1.43 18.87 -1.18 2.71
rsesl5 73.47 1.43 18.76 -.59 .04
rsesl16 75.20 1.42 18.70 -.53 -15
rsesl? 75.61 1.32 17.36 -.64 .18
rsesl8 74.86 1.35 17.8 -79 1.03
rsesl9 75.32 143 18.79 -.93 1.50
rses20 71.62 1.65 21.67 -81 46
rses21 81.79 1.29 16.90 -1.34 2.90
rses22 69.02 1.62 21.29 -.86 17
rses23 66.76 1.63 21.38 -71 .86
rses24 75.43 1.44 18.94 -57 -21
rses25 70.00 1.72 22.64 -.89 91
rses26 63.99 1.74 22.87 -.58 .33
rses27 58.79 2.30 3.26 -.44 -.63
rses28 62.72 2.16 28.43 -.63 -32
rses29 57.23 2.28 3.05 -41 -.78
rses30 65.26 2.04 26.88 -.84 16
rses31 64.10 2.0 26.30 -73 -.03
rses32 61.50 2.29 3.16 -.64 -.59
rses33 68.38 2.01 26.47 -.96 .38
rses34 72.49 1.85 24.31 -1.14 1.23
rses35 76.53 1.78 23.44 -1.22 1.39
rses36 67.98 1.97 25.90 =77 10
rses37 66.36 2.00 26.26 -.87 31
rses38 4497 2.28 3.03 .02 -1.00
Concept 74.35 1.10 14.43 -44 -.05
Implement 65.58 1.53 211 -.57 -.22
Early Task 81.58 .97 12.78 -.57 A1

Note: n =173

43



ESEM AS A VALIDATION TOOL
44

Internal reliability as measured by Cronbach’s alpha was extraordinarily high (a=.97).
Scores this high may not indicate internal reliability as much as they are indicative of
redundancy in the items. Too many items asking the same question in ways that are not
substantially different from one another can produce high inter-item correlations that inflate
alpha scores (Kline, 2023; Streiner, 2003). The 15 largest and 15 smallest inter-item correlations
are shown in Tables 4 and 5, respectively. As shown in Table 4, there are multiple strong
positive correlations between multiple items. Correlations such as that between items 12 and 13
(r=.94, p<.001), 23 and 23 (r=.89, p<.001), and 29 and 32 (r=.88, p<.001) may indicate
redundancy rather than reliability. While most items correlated significantly at the p<.05 level,
there were five combinations that failed to correlate significantly. Item 38 was not meaningfully
correlated with items 2, 3, or 4. Iltem 36 was not significantly correlated with Item 2, and Item 20
was not significantly correlated with Item 2. The lack of significant correlation here may be an
indicator that those questions are addressing fundamentally different latent variables within
research self-efficacy.

Table 5: Top 15 Inter-Item Correlations for modified Research Self-Efficacy Scale

Item 1 Item 2 Correlation (1)
13 12 94x**
23 22 89*F**
32 29 .88***
34 33 87r**
28 27 .85***
31 30 83F**
33 32 82 **
30 29 82x**
33 31 81*x**
32 31 J9FF*
37 36 T8*F**
31 28 TTF**
29 28 TR
32 30 TTF**
33 30 JTF**

Note: n = 173. Significance levels: *p < .05, **p < .01, ***p < .001.
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Table 6: Bottom 15 Inter-ltem Correlations for RSES

Iltem 1 Item 2 Correlation (r)
8 2 20%*
29 4 20%*
37 2 20%*
32 4 20%*
38 17 20%*
35 5 20%*
34 4 19*
36 17 19*
19 2 19*
36 5 A7*
38 4 15
38 3 A5
36 2 15
38 2 14
20 2 A3

Note: n = 173. Significance levels: *p < .05, **p < .01, ***p < .001.

CD-RISC-10: CFA

To begin the examination of the CD-RISC-10 factor structure, an initial CFA was
performed assuming a unifactorial model, treating each item as a component of general resilience
(Figure 1). Factor loadings ranged from .42 to .76 and were all significant at the p<.001 level.
Item 3 had the smallest factor loading and explained the smallest, however still statistically
significant, proportion of variance in overall resilience (R?=.18, p < .01). Table 6 reports all
standardized factor loadings and their R? values. Multiple statistics were used to examine model
fit. A chi-square test initially indicated poor model fit (y*>= 85.8, df=35, p<.05). RMSEA was
closer to values indicating fit, but was also outside of the range considered acceptable
(RMSEA=.085). However, the statistics used for model fit all indicate acceptable levels of model
fit when compared to a null model (CF1=.94, TLI=.92, SRMR=.04). This indicates that the model
is not perfect, with small discrepancies being flagged by the chi-square and RMSEA tests,

however it explains the data far better than a model in which the variables were not related at all.
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Table 7: Single Factor CFA Standardized Factor Loading and R? Estimates
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Item Y SE R?
1 JALFF* .04 S1F**
2 A4FF .04 DOFFH
3 B2FF* .06 18**
4 B4*** 05 4]Frx
S) B69*** .04 A8F**
6 B66*** .05 A43F**
7 B2%** .05 39FF*
8 JA4FF* .04 SEF**
9 JABF** .04 58*F**
10 B2*** .05 38***
Note: n=200, **p<.01, ***p<.001
Figure 1:
CD-RISC-10 Single Factor CFA loading
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CD-RISC-10: 2-factor CFA

In addition to examining the single-factor version endorsed by Davidson (2020) and
others, a CFA was performed assuming two factors. The original work that produced the CD-
RISC-10 indicated two factors, persistence and hardiness. However, the persistence factor was
determined by a single question (Campbell-Sills & Stein, 2007). The 2-factor model tested in this
study is the structure reported by Aloba et. al. (2016) and Smith et. al. (2018). This model
identifies resilience as a second-order factor determined by the first-order factors toughness and
motivation (Figure 2). For toughness, standardized factor loadings ranged from .44 (item 3) to
.78 (item 2). Motivation factor loadings ranged from .63 (items 7 and 8) to .79 (item 9). All
loadings were significant at the p<.001 level. As with the previous model, item 3 loads weakly
and accounts for the least variance (1=.44, R?=.19, p < .01). Table 7 reports all standardized
factor loadings and their R? values for this measure. As expected, a chi-square test indicated poor
model fit (y>=71, df=33, p<.05). However, his structure showed slightly improved model fit
compared to the unifactorial model under statistics less sensitive to size and complexity

(RMSEA=.076, CFI=.95, TLI=.94, SRMR=.04).

Figure 2.
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Table 8: 2-Factor CFA Standardized Factor Loading and R? Estimates

Subscale Item yl SE R?
Toughness
1 JTH** .04 59***
2 18*** .03 B1***
3 A4FFx* .06 1 9**x*
5 69*** .04 A8***
Motivation
4 64%*** .05 N Rl
6 B5*** .05 42%**
7 63*** .05 A0***
8 JTH** .04 58***
9 J9F** .03 B63***
10 63*** .05 A0***
Resilience
Toughness 1.01 17.40
Motivation .88 19.99

Note: n=200 , ***p<.001

CD-RISC-10: 2-Factor ESEM

After testing two existing conceptual models for resilience as assessed by the CD-RISC-
10 with results mixed on model fit, exploratory structural equation modeling was used to
determine possible interactions between variables that are not accounted for in those existing
models. This model designated theoretical pathways based on the 2-factor model but allowed for
cross loading between items that determine the first-order latent variables (Figure 3).
Interestingly, all items, not just the items designated for the latent variable in the 2-factor model,
loaded significantly on the toughness variable (Table 9.) On the other hand, only items 7-9
loaded significantly on the motivation variable. Further, although items 7 (1=.37, p<.05) and 9
(4=.45, p<.05) loaded onto motivation, the strength and statistical significance of their loading
onto toughness was greater. Of the items theoretically connected to motivation only item 8

(4=.67, p<.001) acted as expected when not constrained. Despite those factor loadings, the two-
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factor model that allows for cross loading between items yielded improved model fit statistics
(x>=49.4, p<.05; RMSEA=.067, CFI=.97, TLI1=.95, SRMR=.03).

Table 9: CD-RISC: Standardized Factor loadings for ESEM

Subscale Item A SE

Toughness

JABFFF .05
JABFFF .03
A4FFx .06
STFF* A1
B3**F* 10
64*** .08
H2FF* 13
HYFF* 21
B3*** 15
SLFF* 12

O©CoOoO~NOOTPA~WDN P

[EEN
o

Motivation

.05 24
.09 .25

-.04 A7
27 21
.29 A5
.16 .22
37* A7
B7F** A7
45* .23
.35 21

Boovooswnek

Note: n=200 ,*p<.05, ***p<.001

Figure 3
CD-RISC-10 2-Factor ESEM
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Modified RSES: CFA

To begin an investigation of the modified RSES, an initial CFA utilizing the factor
structure established by Bieschke et al. (1996) was performed (Figure 4). Table 9 presents factor
loadings for items on their pre-designated pathways. Table 10 shows the strength of the
relationships between latent variables. Standardized factor loadings for early tasks ranged from
4 (item 2, R’=.16) to .81 (item 8, R’=.66). For the conceptualization variable, loadings ranged
from .62 (item 20,R*=.42). For the implementation variable, standardized factor loadings ranged
from .46 (item 9, R?=.21). All factors loaded on their intended latent variables at p<.001. While
all subscales correlated positively, the strength of the correlation between early tasks and
conceptualization (r=.90, p<.001) draws into question how well this measure distinguishes
between those stages of research. Despite items loading as intended, all statistics used for model
fit indicated this data fit the described model poorly (}*>=2478.1, p<.05; RMSEA=.131, CFI=.69,

TLI=.67, SRMR=.09).

Figure 4
Factor Structure for modified RSES CFA
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Table 10: 3-Factor CFA Standardized Factor Loading and R2 Estimates for RSES
Subscale Item A SE R’?

Early Tasks

2 A0*** .07 16%**

3 Re N Rakaiel .03 66***

4 A Raadad .04 SLFF*

5 647%** .05 ALF**

6 B65%** .05 A2FF*
Conceptualize

7 647%** .05 ALF**

8 J5*F* .04 STFF*

10 B7F** .04 A45F**

11 .68*** .04 ABF**

12 J8FF* .03 B1F**

13 JTF** .03 59F**

14 80*** .03 64***

15 80*** .03 64***

16 86*** .02 J4FF*

17 JLFFE .04 SLFF*

18 JA8F** .03 B1F**

19 B4*** .05 RN Rl

20 B2*** .05 38*F**

21 B65%** .05 A2FF*

22 JLFFE .04 S1F**

24 J9F*F* .03 52%**
Implementation

9 AB*F** .06 21FF*

23 JQF** .04 A4Q9F**

25 B9*** .04 A48*F**

26 JA3F** .04 D4FF*

27 80*** .03 64F**

28 84F** .02 J0F**

29 86%** .02 J5F**

30 86*** .02 J5FF*

31 89*** .02 J9FF*

32 BTF** .02 J6***

33 89*** .02 80***

34 84*** .02 JLFF*

35 56*** .05 NCH Rakaia

36 B1*** .05 Y Aokl

37 A3F*F* .04 S4Fx*

38 B3*** .05 39FF*

Note: n=173, ***p<.001
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Table 11: Correlation between subscales in modified RSES

Early Tasks Conceptualization Implementation
Early Tasks 1.0
Conceptualization 90*** 1.0
Implementation STHF* 2K 1.0

Note: n=173, ***p<.001, values represent Pearson’s r

Modified RSES: ESEM

To further examine the factor structure of this modified version of the RSES, a second
analysis using ESEM was performed. Like the previous ESEM performed on the CD-RISC-10,
this model was designed to designate pathways but not to constrain the ability of items to load
onto latent variables other than the ones they are theoretically aligned with (Figure 5). For ease
of reading, the factor loadings for each latent variable are reported in their own table. As shown
in Table 11, the only item that retained its previously designated structure was item 6 (1=.62,
p<.001). In fact, item 6 was the only item to significantly load onto early tasks at all. Items 12,
13, and 34 showed values well outside standardized ranges (outside of -1 to 1), indicating that
the model is likely not correctly specified and that the early tasks variable is poorly
distinguished.

The conceptualization variable was also poorly defined (Table 13). Like the early tasks
variable, only one item maintained its pathway, item 24, and managed to load significantly
(4=.62, p<.001). Items 12 and 13 again produced estimates far outside of what is normal for
factor analysis, further suggesting model misspecification.

The implementation variable maintained much more of its structure than the previous
latent variables (Table 13). Of the 16 items originally used to evaluate this stage, 12 of them

retained significant loadings (p<.05). Item 9 (1=.62, p=.49), item 25 (1=.16, p=.65), item 34
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(4=.59, p=.17), and item 35 (/1=.24, p=.31) failed to load not only on their previously designated
variable, but on any variable at all. Beyond the predetermined pathways examined in the CFA,
allowing for cross-loading of items produced significant factor loadings from items intended for
early tasks and conceptualization onto the implementation variable. From the early tasks side,
item 3 (1=-.52, p<.05) and item 4 (1=-.33, p<.05) loaded significantly in a negative direction.
This indicates that those questions may be more of a reverse-scored indication of efficacy in the
implementation stage of research than they are a positively directed indicator of efficacy in the
early stages. Item 22 (1=.33, p<.05) seemed to be a slight indicator of efficacy at the
implementation stage rather than the conceptualization stage, as previously indicated by the
CFA. While inconsistent with the determined factor loadings, the implementation variable did
not produce the same Heywood cases (loadings outside of -1 to 1) that were produced when
examining the other two variables.

The statistics for model fit, while slightly improved relative to the rigid CFA, also

indicated poor model fit (y>=1621.8, p<.05; RMSEA=.11, CFI=.77, TLI=.72, SRMR=.05).

Figure 5
Factor Structure for modified RSES ESEM
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Table 12: Unconstrained Factor Loadings for Early Stages variable in RSES ESEM
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Subscale Item A SE
Early Stages RSE2 30 44
RSE3 -.24 74
RSE4 .28 51
RSE5 .29 43
RSE6 B2*** .06
RSE7 -.25 72
RSES8 -.69 1.08
RSE9 -1.05 1.47
RSE10 -.49 91
RSE11 .59 .75
RSE12 3.33 3.12
RSE13 3.64 3.32
RSE14 .87 74
RSE15 .69 73
RSE16 b1 .52
RSE17 15 49
RSE18 A7 .59
RSE19 15 57
RSE20 -.01 46
RSE21 -.82 1.19
RSE22 .08 A7
RSE23 .38 .55
RSE?25 -.98 1.22
RSE26 .02 .53
RSE27 .35 54
RSE28 -.01 .66
RSE?29 24 .65
RSE30 -.24 .79
RSE31 -.20 g7
RSE32 -14 .69
RSE33 -.56 1.00
RSE34 -1.36 1.53
RSE35 -.46 .85
RSE36 -.10 49
RSE37 -.65 .81

Note: n=173, ***p<.001,



Table 13:Unconstrained Factor Loadings for Conceptualization variable in RSES ESEM
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Subscale Item A SE
Conceptualization RSE2 .04 .50
RSE3 1.38 81
RSE4 .56 57
RSE5 26 51
RSE7 .88 .81
RSE8 1.61 1.17
RSE9 1.92 1.59
RSE10 1.33 1.02
RSE11 .08 .82
RSE12 -2.92 3.36
RSE13 -3.32 3.52
RSE14 -.03 .80
RSE15 22 .80
RSE16 49 .58
RSE17 .83 .55
RSE18 .68 71
RSE19 .50 .66
RSE20 54 .56
RSE21 151 1.32
RSE22 39 51
RSE23 -.03 .63
RSE24 78*** .03
RSE?25 1.56 1.32
RSE26 39 .60
RSE27 -44 .61
RSE28 -.06 .73
RSE29 -.33 72
RSE30 13 91
RSE31 13 .89
RSE32 .08 .80
RSE33 .64 1.15
RSE34 1.56 1.65
RSE35 81 .86
RSE36 18 .55
RSE37 A7 .86

Note: n=173, ***p<.001
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Table 14: Unconstrained Factor Loadings for Implementation variable in RSES ESEM

Subscale Item A SE

Implementation RSE2 .085 .16
RSE3 -.52* 22
RSE4 -.33* 16
RSE5 .01 17
RSE7 .02 22
RSES8 -21 32
RSE9 -.29 42
RSE10 1.33 1.02
RSE12 54 93
RSE13 .64 99
RSE14 -.07 .20
RSE15 -.16 .20
RSE16 -.19 15
RSE17 -.36 15
RSE18 -.06 .20
RSE20 .09 18
RSE21 -.04 33
RSE22 33* 16
RSE23 AT* 19
RSE25 .16 35
RSE26 A41* 16
RSE27 90*** 16
RSE28 90*** 15
RSE29 95*** 16
RSE30 93x** 19
RSE31 94**x* 19
RSE32 91*x** 17
RSE33 TJ9FF* 27
RSE34 .59 43
RSE35 24 24
RSE36 H3F** 16
RSE37 H9F** 22
RSE38 B3*** .06

Note: n=173, *p<.05, ***p<.001
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Distinguishing Resilience from Research Self-Efficacy

As self-efficacy and resilience are closely related constructs, and because the CD-RISC-
10 asks questions primarily about how individuals believe they would respond to an event, it is
important to determine whether the measures of self-efficacy and resilience used for evaluation
of these programs distinguish themselves from one another while maintaining a positive
correlation. To explore the possibility of significant overlap between the CD-RISC-10 and
modified RSES, an exploratory structural equation model was constructed that incorporates the
latent variables and items for each construct and allows them to freely interact.

Encouragingly, examining the measures this way produced no significant cross-loading
between variables intended for resilience and its subscales with the subscales used to assess
research self-efficacy. Correlations between resilience and the RSES latent variables were weak,
positive, and statistically significant. To add support to their differentiation, all RSES subscales

were more strongly correlated with each other than with resilience (Table 15).

Table 15: Correlation Matrix (r) for RSES subscales and Resilience total

Resilience Conceptualization Implementation
Resilience 1
Conceptualization 30*** 1
Implementation 30*** J4FF* 1
Early Tasks 29%** T6%** B52%**

Note: n=173, ***p<.001
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Summary of Results
Resilience (CD-RISC-10)

Confirmatory factor analysis identified both the single-factor model and two-factor
model as having acceptable levels of model fit as assessed by the statistics, less sensitive to
sample size and complexity, with slightly improved model fit found for the 2-factor model.
However, when items were permitted to cross-load in the ESEM, only the toughness variable
was well defined. All items, including those theoretically bound to the motivation variable,
loaded significantly on toughness. Most of the items that composed the motivation variable
failed to load as predicted. Two of those that did, items 7 and 9, had stronger loadings on the
toughness factor. Item 7 states, “Under pressure, I stay focused and think clearly”, while item 9
is “I think of myself as a strong person when dealing with life’s challenges and difficulties”
(Appendix A). The ESEM indicates that while those items do speak to levels of motivation that
influence resilience, they are more at home among questions like “I am able to adapt when
changes occur” (item 1) and “I can deal with whatever comes my way” (item 2). While results
like this are not uncommon when there is large overlap between first and second order constructs
that are closely connected conceptually, the overloading of the toughness factor on resilience in
the 2-factor CFA (1=1.01) indicates that toughness almost perfectly explains resilience,
confirming that they are not manifesting as distinct constructs in this data (Kline, 2023).

Interestingly, item 3, “I try to see the humorous side of things when I am faced with
problems”, underperformed in both models. It was also only very slightly correlated with any of
the other items on the measure (Table 4). This could indicate that humor is not playing the same
role in contributing to resilience as other topics on the measure. It may be that humor is a

component of resilience that is not adequately represented in the CD-RISC-1.
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Ultimately, the outcome of both the CFA and ESEM supports utilizing this data as a
singular representation of general resilience that does not clearly distinguish components. While
this information can be used to speak to changes in general resilience that may be the outcome of
these training programs, conclusions about exactly how resilience is being influenced cannot be
drawn without a more sensitive, potentially expanded measure.

Originally, these models were estimated using a maximum likelihood (ML) estimator,
treating the variables as though they were continuous (Rhemtulla et. al, 2012; Robitzsch, 2020).
However, the ordinal structure of the Likert-scale questions in the CD-RISC-10 suggests that
using weighted least squares maximum likelihood (WLSMYV) estimators that are better suited for
categorical data would improve model fit (Li, 2016; Savalei, 2021). Fit indices generated using
the WLSMYV estimator are scaled indices that are calculated using a y? that is based on
polychoric correlation matrices rather than covariance matrices, meaning that meaningful direct
numeric comparisons cannot be made between those models and ones utilizing the ML estimator
(Li, 2016; Rhemtulla et. al, 2012). However, the pronounced improvement in CFl and TLI with
very little movement on RMSEA suggests that treating these items as categorical captures their
true complexity better than if they are assumed to be continuous (Table 16).

Table 16: Progression of model fit indices for the CD-RISC-10

Ve df RMSEA CFI TLI
Single Factor
CFA 85.8%** 35 .09 .94 92
2 Factor CFA 71.0%%* 33 .08 95 .94
ESEM 45.6* 26 .06 .97 .95
Single Factor
CFA
(categorical) 05.8%** 35 .09 .98 97
ESEM
(categorical) 50.1%* 26 .07 .99 .98

Note: n=200, * p>.05, ** p>.01, ***p>.001
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Attempts to conduct a chi-square difference test (A ¢?) between the two-factor categorical
CFA and the two-factor categorical ESEM models were unsuccessful due to singular matrix
issues. Specifically, the latent factors of toughness and motivation exhibited an extremely high
correlation, resulting in model identification problems and violating the assumptions required for
nested model comparisons. Consequently, the two factors were interpreted as one merged
construct of resilience. Per recommendations for handling singular matrices and highly
correlated latent variables in categorical modeling, model fit for the one-factor structure was
evaluated based on approximate fit indices (CFI, TLI, RMSEA, and SRMR) rather than chi-
square difference testing (Brown, 2015; Marsh et al., 2014).

Research Self-Efficacy (modified RSES)

While initial descriptive statistics and indicators for internal reliability suggested strong
internal consistency (a=.97), through examination of inter-item correlations and factor structure,
it became apparent that the unusually high alpha coefficient was the result of redundancies
within the content rather than reliability (Table 5). For example, item 12, “Decide when to quit
searching for related research/writing” and item 13, “Decide when to quit generating ideas based
on your literature review” extremely strongly correlated (r=.94), suggesting that only one of
those questions is needed to address the basic idea of knowing when to move on from the idea-
generating process. Similarly, items 22 and 23, “choose an appropriate research design,” and
“choose methods of data collection” (r=.89) cover the concept of study planning and design.
While strong item correlations are not undesirable in a measure that is designed to address a
unified construct, the items need to be different enough in substance so as not to be redundant.
Beyond inter-item correlations, the correlations between theorized subscales are also a source of

concern that the constructs are ill-defined, particularly between the early tasks and
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conceptualization variables (r = .90). Indeed, ESEM revealed many concerns about the structural
stability of the 3-factor model used for interpreting data from this modified version of the RSES.

Under CFA constraints, all items appeared to load onto their theorized constructs.
However, all model fit indicators demonstrate that even though items seem to fit their factors, the
model does not explain the relationships observed in the data well. ESEM was used to explore
potential sources of misfit. When the constraints of CFA are scaled back to allow for cross-
loading in the ESEM, not only does the model fit not improve to acceptable levels, but the factor
loadings fall apart from their intended constructs. Early tasks and conceptualization maintained
only one of their items each. For the early stages variable, only Item 6, “find needed articles
which are not available in your library,” loaded as predicted. Theoretically, this makes sense that
this question is included as an early-stage process. Likewise, for the conceptualization variable,
item 24, “be flexible in developing alternative research strategies,” does make sense to include as
part of conceptualizing research. However, it should be noted that conceptually close questions,
such as Item 22, “choose an appropriate research design,” did not load onto this factor, but onto
implementation.

The implementation subscale is the only subscale that was adequately captured, although
more items loaded onto it than were initially theorized. This suggests that the information taken
from this modified measure is really only accessing self-efficacy around the implementation of
research, and that questions believed to be predictors of earlier stages are better captured
alongside the implementation stage. Significant revision of this measure will be needed if the
goal is to capture multiple sub-domains of research self-efficacy.

All this combined information suggests that a full revision of the measure is likely

necessary to capture additional domains of research self-efficacy beyond the implementation of
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research. It could also indicate the removal of certain items is appropriate before interpreting
outcomes.

Table 17: Approximate fit indices for Research Self Efficacy Scale Models

RMSEA CFI TLI SRMR
CFA 13 .69 .67 .09
ESEM A1 7 72 .05

Resilience apart from Self-Efficacy

One encouraging component of this study was the determination that these measures do
not meaningfully overlap one another. An initial concern was that because the CD-RISC-10 asks
questions about how participants believe they would respond to a potentially hypothetical
scenario, it was assessing self-efficacy around their participation in the program rather than
resilience. Perhaps aided by the domain-specificity of self-efficacy as a construct, that does not
appear to be the case. Items from each measure did not significantly load onto one another when
examined using ESEM. While there are concerns with the factor structure of the modified RSES,
none of its subscales correlated with resilience as measured by the CD-RISC-10 beyond r=.3.
This slight but statistically significant (p<.001) adheres to the assertion that resilience and self-

efficacy are related but theoretically distinct (Bandura, 2007).
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CHAPTER V.
Discussion

The purpose of this study is to determine the psychometric properties of two measures
used in the evaluation of outcomes for research training programs that target underrepresented
students. These programs strive to foster resilience and increase self-efficacy around performing
research tasks. Towards those ends it is crucial to have a trustworthy way to gauge the baseline
status of those constructs to compare post-intervention. CFA was used to examine how well
extant factor structures explained the relationship between items in this data, while ESEM was
used to detail some of the potential problems with those factor structures. The results of those
analyses have implications for the interpretation of the results of the resilience scale and suggest
major restructuring of the research self-efficacy scale.

The first question this dissertation seeks to answer is whether a two-factor model for
resilience will fit the data from our sample better than the one-factor model that is traditionally
used. As hypothesized, the two-factor model did produce improved model fit statistics.
However, improved model fit statistics do not necessarily indicate that this is the model through
which the data gathered by the CD-RISC-10 should be interpreted. Examining the factor
structure highlighted a conceptual imbalance in which all items strongly loaded onto toughness,
and the only two items to load onto motivation also loaded more strongly onto toughness. This
loading structure suggests that the CD-RISC-10 disproportionately captures toughness-related
aspects of resilience, perhaps at the cost of examining the role motivation may play in resilient
behavior. Because of this over-emphasis on toughness, the two-factor model structure was
unstable, demonstrated by the >1.0 factor loading between toughness and resilience. A factor

loading above 1 is a sign of multicollinearity as well as factor indistinguishability (Brown, 2015;
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Devlieger & Rosseel, 2023; Marsh et. al., 2014). The items present in this form of the CD-RISC
appear to narrowly capture resiliency and lack the construct validity needed to support a two-
factor model.

When considering this measure in the context of assessment for research training
programs for underrepresented undergraduate students, program evaluators need to consider
what aspects of resilience they are trying to foster. Toughness as an attribute likely does not
cover the full ability of an individual to resist and recover (Grafton et. al., 2019). Nor does it
access the neurobiological markers indicating individual stress resilience (Wu et. al., 2013). If
this version of the CD-RISC informs changes to program structure, they may neglect to cultivate
aspects of motivation or purpose that strengthen resilient behavior. If the goal is to bolster
resilience more comprehensively, it will be necessary to use a more exhaustive resilience
measure.

The next question this dissertation addresses is whether the modified version of the RSES
that was intended included only the conceptualization, early tasks, and implementation-oriented
questions from the original RSES adequately assessed those latent variables. As hypothesized,
model fit indices produced by CFA revealed unacceptable model fit, despite item loadings that
aligned with the theorized factor structure. Using ESEM to allow for cross-loading to examine if
the rigidity of traditional CFA was obscuring a better fitting structure produced only slightly
improved model fit statistics, failing to meet the threshold for acceptable model fit. Interestingly,
while model fit indices slightly improved, albeit not to acceptable standards, the factor structure
largely deteriorated. Only questions intended to address the implementation stage maintained
their theorized loadings, while other items showed significant cross-loading onto unintended

factors or failed to load at all meaningfully.
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The uneven loading of factors combined with a number of exceptionally high inter-item
correlations strongly suggests the 38 questions on the modified RSES do not have the construct
validity to claim to adequately evaluate the three distinct stages of research that are of interest
(Brown & Moore, 2012; Clark & Watson, 1995). Compounding concerns about construct
validity, the internal validity was extremely high (a=.97). While a strong alpha is typically
desirable, when it is accompanied by high inter-item correlations it likely indicates redundancy
rather than reliability (Clark & Watson, 1995; Kline, 2023; Streiner, 2003). In this case, it
appears the items on the modified RSES overly represent the implementation stage of research,
resulting in an artificially high reliability and deviated factor structure. This has serious
implications for its usefulness as a measure to inform changes made to training programs that
seek to bolster research self-efficacy.

Only a small portion of the research process is captured in the items on this measure.
Undoubtedly, an effective training program will be able to impact the self-efficacy of its
participants to perform all necessary tasks involved in the research process, including planning
and development. As it stands, this measure is asking several relevant questions addressing their
self-efficacy around performing research, but more questions that do not adequately address any
domains of research self-efficacy that Bieschke et al. (1996) intended to address.

One potential explanation for the disjointed factor structure is that all respondents were
novice researchers who had not yet begun their apprenticeship. As their understanding of the
research process improves, so does their ability to adequately assess their belief that they are
competent in performing research (Brancolini and Kennedy, 2017). Some participants may not

yet be able to distinguish between research stages, which might influence their responses.
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Retesting this model using data taken from the end of the apprenticeship and/or the years
following it may produce different results.

Another goal of this dissertation is to determine whether the constructs of research self-
efficacy and resilience are adequately differentiated from one another when these measures are
used in tandem. Initially, it was hypothesized that because the CD-RISC asks questions primarily
regarding beliefs about how one might respond, it was assessing self-efficacy, and there was
expected to be significant cross-loading between items from the CD-RISC and the RSES. This
turned out not to be the case. At an item level, there was no significant cross-loading between the
two measures, supporting the idea that they address fundamentally distinct constructs. This
separation provides some preliminary evidence of discriminant validity (Campbell & Fiske,
1959). The CD-RISC’s emphasis on adaptability, personal strength, and stress coping in a
general capacity overlaps very little with highly domain-specific questions concerning research
self-efficacy (Connor & Davidson, 2003; Bieshcke et. al., 1996). Despite differentiating, the
aggregate scores from each measure were significantly positively correlated, indicating that
individuals with higher general resilience also tend to report greater confidence in their ability to
perform research. This relationship aligns with theoretical expectations and supports their
tandem use to more completely examine the impact of research training programs (Banudra,
1997, 2007; Waxman et al., 2003).

This dissertation explores the utility of ESEM as a more flexible and informative
approach to assessing measurement validity for psychological constructs. Across measures, CFA
produced theoretically consistent loadings that masked deeper issues with construct validity,
including significant item redundancy and inability to discriminate between latent constructs.

ESEM was able to uncover these issues and prevent program evaluators from interpreting the
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results of these measures in a way that their factor structure does not support. When looking at
the overlap between measures, ESEM was able to provide evidence of discriminant validity as
well as correlated composite scores. This study highlights the capacity of ESEM to uncover
structural weaknesses that traditional CFA may obscure or overlook, especially when
considering measures that have been modified and contain conceptual overlap (Alamer, 2022;
Marsh & Alamer, 2024). Using ESEM in this dissertation underscored its value as a tool for
construct validation that enhances theory by offering a more nuanced and empirically sensitive
view of how psychological measures function in practice (Asparouhov & Muthén, 2009; Brown,
2015; Marsh et. al., 2014).
Conclusion

In this study, exploratory structural equation modeling (ESEM) proved to be an
invaluable tool that identified instabilities in factor structures that would have otherwise been
accepted if utilizing only confirmatory factor analysis (CFA). For both measures, a basic
confirmatory analysis yielded stable and significant factor loadings for each theorized domain. In
the case of the CD-RISC-10, the same was true of a 2-factor model that produced improved
model-fit statistics. For the modified RSES, CFA also found that factor loadings held for their
intended factors; however, model fit was far from acceptable. Using ESEM to unpack the results
of each of these analyses produced valuable insights that shape not only how we interpret these
results in context but also how they can be modified such that they maintain usefulness for their
intended purposes.

Through ESEM, this study determined that, while slightly improving model fit, a two
factor structure for resilience is not as stable when it comes to its factor structure, and that for the

purposes of evaluating change in resilience, the CD-RISC-10 does not distinguish between
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factors well enough in this sample to be to determine if the programs being evaluated impact
resilience through its theorized latent constructs. ESEM was also able to establish that the
theorized factor structure of the questions on the original 53-item RSES do not hold in this
modified version of the scale that intends to assess only three of the four originally identified
domains. Therefore, this data should be interpreted cautiously, with a limited set of questions
that can speak only to a single aspect of research self-efficacy.
Limitations

While this study produced meaningful and useful information, its potential impact and
the depth of its analysis were limited by several factors. Firstly, limited demographic information
was available about the participants contained in the data, limiting the ability of the study to
generalize or identify trends based on demographic information that may shift the outcome of the
analysis. This study primarily speaks to the structure of these measures when utilized to assess
primarily Hispanic women who are first generation college students. Therefore, this study does
not accurately capture the construct across the broader spectrum of underrepresented students.

Davidson (2020) asserts the stability of the CD-RISC across gender, ethnicity, and
language. Smith et al. (2018) and Gonzales et al. (2016) found invariance between men and
women on the CD-RISC-10 specifically. Other studies have identified small but significant
differences in the way participants of different genders respond to the measure (Wolly & Jacobs,
2023). Likewise, there was no way to account for how resilience or self-efficacy may change in
the context of socio-economic status. It is also possible that an increased sample size would help

further define ill-determined factor structures for each of the measures.
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Future research

The outcome of this study, in particular of the ESEMSs, insists that the modified Research
Self-Efficacy scale be further restructured to account for its evident limitations. For example, a
condensed version of the measure, utilizing only those factors that loaded significantly, could be
used as a valid measure of general research self-efficacy. Alternatively, if the goal is to produce a
more nuanced picture of how research self-efficacy may evolve, one could begin with a re-
examination of the 53-item version and then use exploratory factor analysis to determine a
theoretically better fitting number of factors, before testing that new structure with ESEM to
better define relationships.

This study provides evidence for the utility of localized psychometric tests beyond
confirming a factor structure theorized while examining a separate population. Further, it
demonstrates the capability of ESEM to identify issues and challenge assumptions about existing
measures. Without applying ESEM to these measures, researchers would make statements about
constructs they are not truly measuring, and evaluators would suggest changes to programs
designed to impact those poorly measured constructs.

While the focus of this study was psychometric, the high mean scores and demographic
make-up of responses on the CD-RISC-10 indicate important factors when thinking about how
resilience manifests and is bolstered in young Hispanic women. While personal resilience is
linked to academic success for Hispanic women, that resilience largely originates from
navigating cultural tensions and gender expectations, and is formed by leveraging family
support, involvement with community, and self-determination (Para, 2007). A systematic review
by Cardoso & Thompson (2018) discerned that resilience is a dynamic, multidimensional

process, informed by multiple domains. Positive ethnic identity, spiritual beliefs, and
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biculturalism were found to be important determinants of resilience and buffer the psychological
distress of discrimination (Bartoszek et. al. 2020; Cardoso & Thompson, 2018; Craney &
Watson, 2024). The integration of those determinants into Hispanic culture may explain why
Hispanic women have been found to have higher resilience compared to other ethnic groups
despite being disadvantaged (D’ Agostino & Waldrop, 2014; Emdur, 2022).

The data in this study aligns with the observations of previous research (D’ Agostino &
Waldrop, 2014; Emdur, 2022). The multiple sources of resilience rooted in community and
culture highlight the need for culturally informed mentorship. Future work can examine the role
of culture in research apprenticeships. Additionally, it may be that the experiences that shape
resilience in Hispanic women who elect to participate in a research apprenticeship may be
distinct from the experiences of others.

An additional direction for future work is to refine a measure of resilience that is specific
to the challenges faced by academics and researchers. Resilience is largely examined in the
context of health outcomes, rather than achievement (Connor & Davidson, 2023; Denckla et. al.
2020). The kinds of challenges to which researchers have to be resilient are specific. Does a
measurement generated based on health outcomes adequately capture one’s resilience to
professional criticism or rejection? The creation and validation of a scale specific to resilience to
the challenges encountered as a professional researcher would better aid in assessing the

outcomes of research training programs.
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CONNOR-RESILIENCE SCALE

Please indicate haw much you agree with the following statements as they apply to you over the last manth. If a

particular situation has nat occurred recently, answer according to how you think you would have felt.

1. | am able to adapt when
changes accur.

2. | can deal with whatever
COMEs my way.

3. | try to see the humarous side
of things when | am faced with
problems,

4. Having to cope with stress can
make me stronger.

5.1 tend to bounce back after
llness, injury, or other

hardships.
6. | believe | can achleve my

goals, even if there are

obstacles.
7. Under pressure, | stay focused

and think clearly.

8. | am nat easily discouraged by
failure.

8. | think of myself as a strong
person when dealing with life's
challenges and difficulties.

10.1 am able to handle
unpleasant or painful feelings
like sadness, fear, and anger.

et true at all {0}

O

O

rarely true (1)

Q

O

o o o O

O

sometimes trua

12)

O o
0 Q
O a
O Q
Q Q
O Q
O Q
O o
0 Q
O Q

often frue {3}

true nearly all

the time [£)
o

O
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APPENDIX B
Research Self Efficacy Scale

Think about your level of confidence in your ability to perform each behavior listed and place a number in the blank
to the right of the item indicating the degree of confidence in your ability to successfully perform that behavior. Use
the following scale to make your ratings.

0 10 20 30 40 50 60 70 80 90 100

No Confidence Moderate Confidence Complete Confidence

1. How confident are you in your overall ability to complete a significant project?

2. Follow ethical principles of research.

3. Brainstorm areas in the literature to read about.

4. Conduct a computer search of the literature in a particular area.

5. Locate references by manual search.

6. Find needed articles which are not available in your library.

7. Evaluate journal articles in terms of the theoretical approach, experimental design and data analysis techniques.

8. Participate in generating collaborative research ideas.

9. Work interdependently in a research group.

1. Discuss research ideas with peers.

11. Consult senior researchers for ideas.

12. Decide when to quit searching for related research/writing.

13. Decide when to quit generating ideas based on your literature review.

14. Synthesize current literature.

15. Identify areas of needed research, based on reading the literature.

16. Develop a logical rationale for your particular research idea.

17. Generate researchable questions.

18. Organize your proposed research ideas in writing.

19. Effectively edit your writing to make it logical and succinct.

2. Present your research idea orally or in written form to an advisor or group.

21. Utilize criticism from reviews of your idea.

22. Choose an appropriate research design.

23. Choose methods of data collection.

24. Be flexible in developing alternative research strategies.

25. Choose measures of dependent and independent variables.

26. Choose appropriate data analysis techniques.

27. Obtain approval to pursue research (e.g., approval from Human Subject’s Committee/IRB, Animal Subject’s
Committee, special approval for fieldwork, etc.).
28. Obtain appropriate participants/general supplies/equipment.
29. Train assistants to collect data.
3. Perform experimental procedures.
31. Ensure data collection is reliable across trial, raters, and equipment.
32. Supervise assistants
33. Attend to all relevant details of data collection.

34. Organize collected data for analysis.

35. Use computer software to prepare texts (word processing).
36. Use computer software to generate graphics.

37. Use a computer for data analysis.

38. Develop computer programs to analyze data.
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