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ABSTRACT OF THE DISSERTATION

Gender Differences in Confidence, Calibration, and Willingness to Share Problem
Solutions in Math

by

Meaghan B. McMurran

Doctor of Philosophy, Graduate Program in Education
University of California, Riverside, December 2020

Dr. Kinnari Atit, Chairperson

This dissertation investigates gender differences in (1) retrospective (i.e., measured

after task completion) item-specific confidence judgments, and whether these judgments

were warranted. Of particular interest was whether gender interacts with problem difficulty

to explain confidence, calibration (speaks to the accuracy of confidence judgments), and

under/overconfidence. Furthermore, it examines whether, after controlling for confidence,

there are gender differences in students’ willingness to share math problem solutions, and

whether this relationship depends on problem difficulty. This study analyzed confidence

judgments and reports of willingness to share for 13 challenging math problems adminis-

tered to 628 students enrolled in an undergraduate precalculus course. Results were that,

compared to females, males tended to be more confident and more willing to share; how-

ever, as problem difficulty increased, the gender gap in confidence decreased. Females were

found to be better calibrated than males, and this gap decreased with increasing problem

difficulty. Additionally, the transition from easier to harder problems was accompanied by a

transition from under- to over-confidence for females, but not males. Findings of this study
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have implications for how to support math learning for women and increase the retention

of women in math-intensive STEM domains.
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Chapter 1

Introduction

Gender differences in math education outcomes have generated tremendous inter-

est among researchers and educators. Part of the draw is the persistent gender disparity

in participation in primarily math-intense fields, evidenced by (1) college enrollment rates

(UNESCO, 2017), (2) college degree attainment rates (National Science Foundation and

National Center of Science Education Statistics (2017); see Figure 1.2), and (3) employ-

ment rates (Bureau of Labor Statistics and U.S. Department of Labor, 2016) in computer

science, physics and engineering, as well as participation rates for the calculus BC, physics,

and computer science AP exams (College Board (2016); see Figure 1.1).

A more controversial1 draw is evidence of gender differences in math performance.

Although differences in mean performance on tests such as the SAT-M are small, amongst

the top-scorers, males largely outnumber females; with the ratio of males to females increas-

1A recent prominent study conducted by Cheryan et al. (2016) have argued gender differences in math
performance are both negligible and do not predict math-intense STEM participation. See Appendix .1 for
a critique of this study.

1



Figure 1.1: AP test participation by gender

Each bar displays the ratio of both males and females who took that particular type of AP

test to the total number of males and females who took at least one AP test, respectively.

Source: College Board (2016)
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Figure 1.2: STEM degrees earned by females

Percent females who earned math-intense STEM (i.e. Engineering, Physics and/or Com-

puter Science), Bachelor’s, Master’s and Doctorate degrees, in 1995, 2004 and 2014. Source:

National Science Foundation and National Center of Science Education Statistics (2017)
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ing with the increasing percentile (corresponding to the performance of students; higher

percentile = higher performance), with males having outnumbered females as much as 7 to

1 amongst the top 1% (Ceci et al., 2009). It follows that the problems which distinguish

the top-scorers – presumably the most difficult problems – males, more than females, are

solving correctly. Yet, ironically, females tend to get better grades in math (Voyer and

Voyer, 2014). So, why is this happening?

Although lower confidence of females, compared to males, is often cited as one

reason for these trends (e.g., Ganley and Lubienski 2016; Lundeberg et al. 1994; Fennema

and Sherman 1978), the role of gender and confidence in math education outcomes remains

unclear (Cheryan et al., 2016; Ceci et al., 2009). A major limitation of prior work on this

topic is that confidence in math is often measured at the class level (example item: “I

believe I can get an A in my math class”) or subject level (example item: “I believe I am

good at math”), as opposed to the item or task level (Lundeberg et al., 1994). Consider, for

example, the difference between getting an A in math and doing well on a challenging math

problem. The former, compared to the latter, is more a measure of effort and the ability

to follow instructions. These skills may have been sufficient for STEM jobs in the past;

however, because we now have computers to do routine tasks for us, STEM professionals

are left facing challenging problems which necessitate higher level thinking and collaboration

in order to solve.

A second limitation of previous work is that studies often neglect to estimate the

calibration of participants’ confidence judgments2, either by choice or because the research

2Calibration of a person’s confidence judgments refers to the extent to which a person’s confidence
judgments match their actual performance.
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design does not permit this3. Consequently, males’ confidence is often interpreted as the

norm (Roberts, 1991), and the corresponding conclusion is often that females are under-

confident. In these situations, the implication is to increase females’ confidence, even at the

risk of reducing females’ calibration of their confidence judgments.

A third limitation is that confidence is often not measured retrospectively (i.e.,

after completing a task). This results in less accurate confidence judgments (Glenberg and

Epstein, 1987). Moreover, I argue that students’ confidence measured before, compared

to after, task completion is less likely to influence their future math education outcomes

(post-task interest, willingness to share ideas, etc.).

These arguments speak to the importance of investigating gender differences in

retrospective, item-specific, confidence judgments (and the calibration of these judgments)

in math, particularly for challenging problems. This is one objective of this study.

Another piece to this puzzle (i.e., the seemingly paradoxical trend that females,

compared to males, earn better grades in math yet do worse on the tougher math problems

and participate less in math-intense fields) arose when researchers looked at how males

and females are solving problems. While males tend to use invented and unconventional

approaches to solve math problems, females tend to rely on memorization and taught pro-

cedures when solving these same problems (e.g., Fennema et al. 1998a; Gallagher and De

Lisi 1994; Hornburg et al. 2017).

Almost 35 years ago, Fennema and Peterson (1985) began piecing this together

when they attributed gender differences in math performance to gender differences in, what

3Because a single confidence judgment is not verifiable (unless the judgment is complete, 100%, confi-
dence or absolutely no, 0%, confidence), estimating calibration requires several confidence judgments per
participant.
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Figure 1.3: Autonomous Learning Behavior (ALB) Model

ALB model developed by Fennema and Peterson (1985)

they termed, autonomous learning behaviors (ALB; see ALB model in Figure 1.3). Ex-

amples of ALB include choosing challenges, solving problems independently, and persisting

on problems. In this dissertation, I argue the utility of the model in Figure 1.3 might be

increased by narrowing the focus from all types of ALB to just those types of ALB that can

also be classified as IRT.

Willingness to share one’s thinking in math is a type of intellectual risk taking

(IRT) behavior. IRT is defined as risk taking within intellectual and academic domains4;

and “risk taking involves the implementation of options that could lead to negative con-

sequences” (Byrnes et al., 1999, p. 367). Thus, IRT implies challenges are chosen, not

imposed. Examples of IRT behavior include choosing to solve a challenging math problem,

choosing to solve a problem using a novel approach, and choosing to share one’s solution to

a challenging math problem.

4The domain in which the risky decision is situated in characterizes the type of risk taking behavior. For
example, investing money is an example of risk taking in the financial domain, and driving recklessly is an
example of risk taking in the health & safety domain.
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IRT appears to be a determinant of social, motivational, and cognitive benefits

(Clifford, 1991); benefits, which this dissertation will argue, are important for succeeding in

math-intense STEM fields. There are three major reasons to believe females, compared to

males, are less likely to engage in IRT, and thus less likely to experience the benefits of IRT.

First, socially and biologically rooted theories (e.g., Kelling and Myerowitz (1976); Wilson

and Daly (1985)), as well as empirical evidence (e.g., Byrnes et al. 1999), have suggested

that females tend to take less risks than males in most domains. Second, females tend to

undergo prefrontal cortex myelination earlier than males (Powell, 2006) making them better

equipped to consider consequences of their actions, a decision-making skill that is positively

related to risk aversion (Reyna and Farley, 2006). Third, females, more than males, may

experience social pressures to comply with their teacher’s expectations (Hyde and Jaffee,

1998). Together this suggests greater IRT in males than in females.

If males, more than females, are engaging in IRT in math, this would naturally

result in males, more than females, experiencing the benefits of this behavior; thus, it is

important to determine if there are gender differences in IRT. This is the second objective

of this dissertation. The focus is on IRT operationally defined as a willingness to share

one’s solution to a math problem, because this is a type of IRT students typically have

the opportunity to engage in, and because a willingness to share one’s thinking on math

problems is critical for contributing in math-intense fields.
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1.1 Research Questions

This study addresses two major questions, the first of which is: Do undergraduate

males, compared to females, report higher confidence in their solutions to math problems

– and if so, how big is this gender difference? Although higher confidence in males is as-

sumed based on previous research (e.g., Ganley and Lubienski 2016; Fennema and Sherman

1978), studies primarily focused on general confidence, and the few studies that looked at

item-specific confidence judgments in math are limited. This latter point leads to the sub-

question: Do gender differences in confidence judgements depend on problem difficulty?

Although interactions between gender and problem difficulty on students’ confidence judg-

ments are assumed based on previous research (e.g., Jones and Jones 1989), it is unclear

whether results were reliable and valid (the one study that looked at this only included

two items, and confidence judgments were elicited prior to solving), and whether these

interactions will manifest for undergraduate students.

The second question is: Do males, more than females, engage in IRT (operationally

defined as a willingness to share one’s solution to a math problem) in undergraduate pre-

calculus? To examine gender differences in IRT, where the level of risk is defined from the

perceptions of the individual, students’ confidence in their solution accuracy was controlled.

Group differences in calibration (speaks to the accuracy) of the confidence judgments was

evaluated, and this information aided interpretation of the results.

This dissertation focuses on undergraduate students enrolled in a precalculus class

because this is an important gateway course for participating in math-intense STEM fields.

For many of the students, this will be their first math course at the university level, and,

8



thus, their experiences will play a large role in their decision to pursue a math-intense

STEM degree. Although there are gateway courses to math-intense fields prior to the

undergraduate level, it is not until college that most students have (or feel they have)

considerable autonomy over which courses to enroll in; and, thus, whether they want to

risk pursuing a math-intense STEM degree. Furthermore, by focusing on precalculus, we

aim to investigate gender differences in confidence and IRT for a presumably less privileged

and skilled population of students than is traditionally focused on when examining gender

gaps in math. Much of the work, and interest, on gender differences in math focuses on

the top-scorers (e.g., Ceci et al. 2009), and these are the students who typically take, at a

minimum, precalculus in high school. Thus, examining gender differences in confidence and

IRT among undergraduates enrolled in precalculus in college is important for understanding

gender barriers to math-intense STEM at a critical juncture and for a presumably less

privileged and skilled population.

A New Measure of IRT: Willingness to Share Solutions for Difficult Math prob-

lems Unlike measuring confidence judgments (a task that’s been performed for decades,

though not so much in education), measuring IRT is not common. This is unfortunate

because, as explained previously, IRT may be important for math education outcomes in

which females tend to fall behind males; and this may explain female underrepresentation

in math-intense fields. This calls for a useful measure of IRT to (1) determine the extent of

the gender gap in IRT, and (2) aid investigations focused on reducing this gap.

IRT has been broadly defined as “engaging in adaptive learning behaviors (sharing

tentative ideas, asking questions, attempting to do and learn new things) that place the
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learner at risk of making mistakes or appearing less competent than others” (Beghetto,

2009, p. 210). This definition is limited because it (1) is not equipped to assess the level

of risk, and (2) includes IRT behaviors that are situated in different domains, which, due

to the domain-dependency of IRT (Byrnes et al., 1999; Nicholson et al., 2005) should be

considered separately.

IRT has been more precisely defined as “selection of task difficulty” (Clifford,

1988)5, where students who are selecting more difficult tasks are engaging in higher levels

of IRT. Unlike Beghetto’s (2009) definition of IRT, Clifford’s (1988) definition is equipped

to capture the level of risk6. However, Clifford’s (1988) definition of IRT (i.e., selection of

task difficulty) is limited in that it does not reflect behavior that students typically have

the opportunity to engage in; because students are often told, and thus do not select, which

tasks to work on.

In this dissertation, a new instrument for measuring IRT (operationally defined

as a willingness to share attempted solutions to math problems) is proposed. The IRT

Problems Solution Sharing (IRT-PSS) instrument asks students to (1) solve problems of

moderate to extreme difficulty, (2) estimate the probability they got the problem correct,

and then (3) indicate whether they would be willing to share how they tried to solve the

problem. Similar to Clifford’s (1988) measure of academic risk taking (ART; a type of

IRT), the IRT-PSS involves risking task satisfaction (i.e., feeling good after solving a task

5Clifford (1988) refers to this type of IRT as Academic Risk Taking (ART); but according to Beghetto’s
(2009) definition of IRT, ART is a specific type of IRT.

6Level of risk defined from the perceptions of the greater community, but not the individual. See section
titled: “Risk Taking Behavior: Definitions and Perspectives” for further discussion of this limitation.
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correctly); however, whereas Clifford’s (1988) measure of IRT has involved risking points

awarded for correct solutions7, the IRT-PSS involves risking social approval.

1.2 Contribution

One contribution of this dissertation is to provide empirical evidence of the ex-

tent to which there are gender differences in both the magnitude and the calibration of

retrospective, task-specific, confidence judgments for math problems. This fills a gap in

the literature as most research investigating gender differences in confidence focuses on

confidence judgements that are either not task-specific and/or not retrospective, and often

neglects to consider whether the confidence judgments were warranted.

A second contribution of this dissertation is to provide empirical evidence of

whether there are gender differences in moderate IRT, operationally defined as a willingness

to share solutions to difficult math problems. To measure this type of IRT, a new instru-

ment (the IRT-PSS), which addresses limitations of previous measures of IRT, is proposed.

There are two major contributions of the IRT-PSS. First, it captures a type of IRT behav-

ior that students typically have the opportunity to engage in8. Second, it is equipped to

capture the level of risk (not just from the perceptions of the greater community, but also

from the individual) that students are willing to engage in. This advantage is enabled by

the IRT-PSS being task-specific9.

7Clifford (1988) examined both variable and fixed payoff conditions. Under variable pay-off conditions,
points awarded for correct responses increase with item difficulty. Under fixed payoff conditions, correct
solutions are awarded the same number of points regardless of task difficulty.

8Beghetto’s (2009) measure of IRT also captures behaviors students have opportunities to engage in, but
is limited in that it is not equipped to capture the level of risk, and it includes behaviors that may need to
be measured separately.

9Clifford’s (1988) measure of ART is also task-specific; however, unlike Clifford’s measure, the IRT-PSS
ties students’ confidence judgments to the task.
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Broader Impacts Technological advances are redefining roles for STEM professionals.

No longer is there a need for these individuals to sit alone in a cubicle and solve problems

via tried-and-true approaches. Computers do this for us. Today’s STEM professionals need

to solve difficult problems, and they need to collaborate. This shift is evident in current

education agendas aimed at preparing students to succeed in math-intense fields; agendas

which call for students to “develop skills—communication, collaboration, inquiry, problem

solving, and flexibility” (Next Generation Science Standards fact sheet, 2013, p. 1), “extend

their understanding” and “construct viable arguments and critique the reasoning of others”

(U.S. Common Core Standards for Mathematics, 2010). Fundamentally, we are calling for

our students to take intellectual risks; a call which, concernedly, may be met with a male

advantage.

The contribution of this dissertation pushes beyond addressing the gender gap in

math-intense STEM participation, to addressing a potential gender gap in math-intense

STEM contributions. It is not enough to ensure males and females are equally represented

in math-intense STEM fields, rather we need to make sure males and females have equal

voices in these fields. To contribute in STEM means to (1) be confident when correct,

(2) know when you are incorrect, and (3) share one’s thinking, even when you are wrong.

Because males and females may think very differently about morality and ethics (Rothbart

et al., 1986; Dawson, 1995), and because females, more than males, have reported valuing

a job’s contribution to society, whereas males, more than females, reported valuing a job’s

salary (Miller and Wai, 2015), it seems paramount the female voice is not overshadowed.
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In sum, this dissertation contributes empirical evidence as to whether males, com-

pared to females, are (1) more confident in their solutions to math problems, and whether

this confidence is warranted, and (2) more willing to share these solutions with their class.

The importance of this work is emphasized by the argument that a male advantage in

confidence10 and willingness to share in math, eventuates a male advantage in advancing

powerful technologies produced by math-intense fields; the gravity of which is accentuated

by concerns, rooted in gender socialization theory, that gender differences in moral and

ethical reasoning exist.

10Note that if females are more calibrated than males, then this may partly advantage females’ contribution
over males, even if males are more confident (which, for this example, means males are more over-confident),
specifically in regards to one’s credibility when sharing one’s thinking with others.
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Chapter 2

Literature Review

2.1 Confidence

Confidence is defined as “a state of being certain about the success of a particular

behavioral act” (Stankov et al., 2012, p. 747). Confidence can be conceptualized in three

distinct ways: confidence due to (1) estimation, (2) precision and (3) placement (Moore

and Healy, 2008). These three components of confidence are often discussed in regards to

overconfidence; perhaps due to observed tendency of people to exhibit overconfidence in

skill-based confidence judgments (Lichtenstein et al., 1981; Liberman and Tversky, 1993;

Lundeberg et al., 2000), and perhaps because it is easier to compare the three components

of confidence as three components of overconfidence. (i.e., overestimation, overplacement,

and overprecision). Overestimation occurs when someone overestimates their performance,

ability, or chance of success. Overplacement occurs when someone believes him or herself

to be better than others. This is commonly observed when the majority of a sample rate
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themselves higher (better) than the median. Lastly, overprecision is “excessive certainty

regarding the accuracy of one’s beliefs” (Moore and Healy, 2008, p. 502).

In this dissertation, of interest are students’ confidence judgments regarding their

math problem solution accuracy. Student’s willingness to share their attempted solutions

depend on their confidence judgments as it pertains to all three conceptualizations of con-

fidence; namely estimation, placement and precision.

The Hard-Easy Effect A commonly observed trend is that, for hard tasks, people tend

to overestimate and underplace (refers to how people see themselves compared to others)

their ability; whereas for easy tasks, people tend to underestimate and overplace their ability

(Juslin, 1993; Lichtenstein et al., 1981; Stankov et al., 2012). Thus, confidence judgments

appear to depend on problem difficulty.

Calibration of Confidence Judgments Calibration refers to the accuracy of one’s

confidence judgments. From their comprehensive review of the literature on calibration,

Lichtenstein et al. (1981) concluded that in general, people are poorly calibrated. Further-

more, there is evidence that for some tasks, calibration increases with increasing ability

(Lichtenstein et al., 1981; Crawford and Kov, 1996).

Gender Differences in Confidence

In this section I focus on evidence of gender differences in skill-based, retrospec-

tive (measured after task completion), item-specific confidence judgments, as opposed to

math-efficacy (often measured via students’ perceptions of their ability to do well in math).

Although IRT in math may increase math-efficacy (and vice-versa; see section titled “Ben-
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efits of IRT”), it is retrospective confidence judgments on math problems that we argue

will directly impact one’s decision to engage in IRT (operationally defined as willingness to

share attempted solution) in math class.

Males, compared to females, tend to be more overconfident (measured via item-

specific retrospective confidence judgments) in their performance on skill-based intellectual

tasks (Jonsson and Allwood, 2003; Lundeberg et al., 1994; Stankov et al., 2012); and this

may be particularly true for math. In their extensive review of gender differences in con-

fidence judgments, Lundeberg et al. (1994) reports males are typically more overconfident

than females, particularly in math, and these findings are robust across middle and high

school, as well as at the post-secondary level. More recently, among 15-year-olds, Stankov

et al. (2012) found males, compared to females, tend to more greatly overestimate their

performance, and this gender difference was greater for math, as opposed to English, tests.

These gender differences (i.e., greater overestimation of one’s math problem performance

for males, compared to females) have been found as early as elementary school (Boekaerts

and Rozendaal, 2010).

Stankov et al. (2012) looked at the predictive power of confidence judgments in

comparison to other self-belief constructs (i.e., self-efficacy, self-concept and anxiety), and

found confidence judgments to be the best predictor (via a positive relationship) of math

achievement “captur[ing] much of the predictive variance of other self-beliefs that are, in

turn, among the best known predictors of achievement” (p. 747). Consequently, if males

are more confident than females, we would expect them to have higher math achievement.

This seems consistent with evidence that males tend to perform better than females on

16



measures of math performance such as the SAT-M, particularly among the top-scorers and

particularly on high-level math problems (see Appendix .2); however it does not explain

the female advantage in performance on familiar and computational problems, nor in math

grades. Literature on gender differences in calibration, and on the role of ability in confi-

dence judgments, may be helpful to explain these trends.

Calibration In their comprehensive review of calibration literature, Lichtenstein et al.

(1981) found no gender differences in the accuracy of confidence judgments pertaining to

performance on general knowledge tasks. More than a decade later, however, Lundeberg

et al. (1994) found gender differences in calibration to depend on the domain. Specifically,

females were particularly well-calibrated on computational math problems, as compared to

items pertaining to science, experimental design, statistics and conceptual content. And

more recently, Bench et al. (2015) found that females, relative to males, tend to more

accurately assess their performance on math problems.

Also relevant is that gender differences in calibration may depend on whether

students are correct or not. Whereas females tend to be better calibrated than males when

students are incorrect, gender differences disappear when students are correct (Lundeberg

et al., 1994, 2000). This suggests gender differences in calibration, and correspondingly

under- and over-confidence, may depend on the difficulty of the items.

In sum, when considering gender differences in calibration, it is important to con-

sider both the domain, and the difficulty, of the items that students are reporting confidence

judgments for. Additionally, this trend that females tend to be better calibrated than males

in their math performance (e.g., Lundeberg et al. 1994) speaks to the potential disadvantage
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of interventions aimed at increasing females’ confidence, because it may be that females’

lower confidence is warranted.

The Role of Ability Jones and Jones (1989)1 investigated the role of ability2 in gender

differences in confidence judgments on math tasks. Results were that higher, relative to

lower, performing females tended to be more overconfident in their performance on familiar

problems, whereas the reverse trend was observed for unfamiliar problems. In contrast,

higher performing males tended to be more overconfident than lower performing males,

regardless of whether the problem was familiar or not.

The trend (lower ability = more confidence) observed for females on unfamiliar

problems has been explained by the notion that lesser skilled participants have a lower

awareness of what they know compared to their higher skilled peers (Moore and Schatz,

2017). However, this does not explain the trend (higher ability = more confidence) observed

for males on both types of problems, or for females on familiar math problems.

Interpretation of the results is complicated by the hard-easy effect3. This is be-

cause as ability changes, so do perceptions of the difficulty of the task; thus, complicating

comparisons in confidence judgments across students of different levels of ability. One way

to address this limitation could be to provide students tasks which vary in difficulty, and

1The work of Jones and Jones (1989) is limited for at least three reasons. First, tasks only included only
four items (two science and two math). Second, students were asked to report their confidence in solving
the math problems prior to solving (see section titled “Measuring Confidence” for a discussion of why this
is not ideal). Third, in what seems a misguided effort to increase validity, students were told that they may
be asked to actually solve the problems in the future, and that their performance would be compared to
their reported confidence. However a follow up interview revealed that the female students “thought that
girls might be less willing to say they could do the questions in case they were than asked to answer them.
They did not think this would apply to the boys” (p. 193)

2Ability level was based on scores from the NFER quantitative test. Students with scores of 110 or higher
were labeled as high ability, whereas students with scores of 100 or below were labeled as low ability

3The hard-easy effect is an observed trend for which people tend to overestimate their ability on hard
tasks, but underestimate their ability on easy tasks (Juslin, 1993; Lichtenstein et al., 1981).
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then to compare trends in confidence judgments based on task difficulty across ability groups

by controlling for actual difficulty based on sample performance within that group. In sum,

gender differences in confidence judgments appear to depend on both the ability of the

students as well as the difficulty of the math problems used to elicit the judgments. In

particular, based on findings from Jones and Jones (1989), gender differences may increase

with ability, and be greater for unfamiliar, relative to familiar, math problems; however,

there may be a three-way interaction between ability, difficulty and gender.

2.2 Willingness to Share: A type of Intellectual Risk Taking

Behavior: What is it, and Why is it Beneficial?

The second major objective of this dissertation is to investigate gender differences

in a willingness to share one’s solution to challenging math problems; a behavior which can

be classified as intellectual risk taking (IRT). In order to fully understand the implications

of gender differences in this behavior, it is important to understand what IRT is, and why

it is beneficial. To this end, this section defines risk taking behavior in general, and then

in intellectual and academic domains (i.e., intellectual risk taking, IRT). Following this, I

discuss benefits of engaging in IRT, particularly at a moderate (0.5 probability of success)

level, within the context of social, cognitive and motivational theories. While these benefits

are important for education outcomes in general, certain benefits (e.g., strategy attributions)

may be particularly important for math education; and all benefits discussed are important

regarding math education outcomes for which females tend to fall behind males.
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2.2.1 Risk Taking Behavior: Definitions and Perspectives

Risk taking behavior involves choosing among a set of options that involve non-

zero probability of loss (Furby and Beyth-Marom, 1992; Byrnes et al., 1999; Kogan and

Wallach, 1964). In conceptualizing risk taking, researchers often “refer to constructs such

as goals, values, options, and outcomes” (Byrnes et al., 1999, p. 367). These constructs

involve the types of things that are considered when one chooses to engage in risk tak-

ing. Specifically, risk taking can be considered a decision-making process which involves

assessment of the probability of success, as well as perceptions of what one stands to lose

and gain. Conceptualizing risk taking as a decision-making process enables a systematic

examination of both individual and group differences in this goal-directed behavior (Furby

and Beyth-Marom, 1992).

Distinguishing Risk from Risk Taking

To operationally define risk taking, there are two key questions we must consider.

The first is: what are the criteria for a behavior to be classified as risk taking? The second

is: how do we define the level of risk?

To address the first question, researchers seem to agree that for behavior to be

classified as risk taking there are two criteria: (1) challenges are chosen, not imposed, and

(2) there is some non-zero probability of loss (Furby and Beyth-Marom, 1992; Byrnes et al.,

1999; Kogan and Wallach, 1964). The first condition (i.e., challenges are chosen) illustrates

the difference between risk and risk taking (Clifford, 1991).
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To address the second question (i.e., how do we define the level of risk?), we

have to decide if we want to conceptualize the level of risk from perceptions of the greater

community or from perceptions of the individual (Byrnes et al., 1999). For example, driving

recklessly could be considered by most to be highly risky; but for the individual driving,

perhaps they don’t perceive any great risk.

Often the level of risk is operationally defined as the probability of success, and is

usually either pre-defined (e.g., determined by experts prior to administering the measure

of risk taking) or is based on sample performance (Atkinson, 1957; Byrnes et al., 1999;

Clifford, 1988). Defining the level of risk in this way is useful because it allows for a more

objective measure of risk taking (particularly when level of risk is measured via sample

performance). However, this definition is not equipped to capture individual perceptions

of the level of risk. This means two people could engage in risk taking with the same

probability of success (from the perspective of the greater community), but perceive very

different levels of risk; where the individual’s perceived risk is a function of the person’s

estimation of the probability of success (i.e., a confidence judgment) and their tolerance of

the possible consequences (Furby and Beyth-Marom, 1992).

Defining Intellectual Risk Taking

Beghetto (2009) defines Intellectual Risk Taking (IRT) as “engaging in adaptive

learning behaviors (sharing tentative ideas, asking questions, attempting to do and learn

new things) that place the learner at risk of making mistakes or appearing less competent

than others” (p. 210). This definition, while perhaps useful from a conceptual standpoint,

may be too broad from a psychometric standpoint. For one, the definition makes it difficult
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to define the level of risk. Second, the definition includes IRT behaviors that are situated

in different domains; behaviors which, due to the domain-dependency of IRT (e.g., Byrnes

et al. 1999; Nicholson et al. 2005), should be considered separately.

IRT has been more precisely defined as “selection of task difficulty” (Clifford, 1988;

see also Atkinson 1957; Miller and Byrnes 1997). One limitation of this definition is that

the level of risk is assessed from the perceptions of the greater community, but not the

individual4 . Another problem with defining IRT as “selection of task difficulty” is that this

definition does not reflect well what students typically have the opportunity to do. Recall

that for an act to be considered an instance of risk taking behavior, there needs to be

options for the students to choose from. In academic settings, students are often told, and

therefore do not choose, what coursework to do, and what activities they must participate

in. However, students could choose how to solve problems, and they could choose to share

their ideas with others in their classes. For example, choosing to answer a question when

the accuracy of the answer is uncertain is a type of risk that students take (Atkins et al.,

1991). Students could also take risks on their coursework by choosing to solve problems

using an approach they came up with on their own, as opposed to solving these problems

the way the teacher showed them.

In this dissertation, I focus on IRT operationally defined as willingness to share

(with the class) one’s attempted solution to a math problem. Level of risk is operationally

defined as problem difficulty (based on sample performance). The validity of this definition

of the level of risk (i.e., problem difficulty/complexity) depends on whether we are interested

4Studies that have used this definition have operationally defined the level of risk as the probability of
success measured via sample performance.
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in perceptions of risk from the greater community or the individual. If it is the latter,

validity can be increased by controlling for individual students’ perceptions of the level of

risk (measured via students’ reported confidence judgments and failure tolerance).

Classroom Participation versus Choosing to Share One’s Thinking Although,

classroom participation may involve risk (Turner and Patrick, 2004), not all participation

is IRT. Furthermore, when participation literature does focus on behavior that could be

classified as IRT, specific levels of IRT may not be considered, and therefore we cannot

know what level of IRT corresponds to the type of participation. For example, it is common

for studies to investigate the relationship between males’ and females’ engagement and

external drivers such as classroom factors (e.g., teacher practices) and achievement, without

considering the specific task students are, or are not, choosing to participate in. This is

a problem because it is expected that gender differences in participation will depend on

the task. For example, perhaps it is the case that for procedural tasks (for which females

tend to do better than males on5; and which tend to provide opportunities for low, but not

moderate to high, IRT), it is females, and not males, who are more likely to choose to share

their thinking.

2.2.2 Individual Perceptions of the Level of Risk

Recall that risk taking can be thought of as a decision-making process which

involves assessment of the probability of success, as well as perceptions of what one stands

to lose and gain (Kogan and Wallach, 1964; Furby and Beyth-Marom, 1992). Thus, whether

5See section titled “Gender Differences in IRT: Independent Problem Solving”.
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one decides to engage in risk taking will depend on the decision maker’s subjective judgment

of the probability of success (i.e., confidence judgment).

To better understand the role of confidence judgments in individual perceptions

of risk, it may be helpful to consider risk taking in regards to the affective response one

has to fulfilling needs for obtaining success and avoiding failure. This affective response

has been found to depend on the probability of success (Atkinson, 1957; Clifford, 1991),

and, perhaps more accurately, one’s subjective perception of the probability of success (i.e.,

confidence judgment). The idea is that the easier the challenge one engages in (meaning

high probability of success), the worse one will feel whether they succeed or fail (Clifford,

1991).

2.2.3 Benefits of IRT

Benefits of IRT can be pinpointed to two defining characteristics. First, IRT at a

moderate (0.5 probability of success) level, has been found to maximize task satisfaction and

performance (Atkinson, 1957); and benefits of moderate challenge are evident in literature

on competency (e.g., Meyer et al. 1976; Forsterling and Weiner 1981), self-efficacy (e.g.,

Bandura 1997), and cognitive development (e.g., Piaget 1964; Vygotsky 1978). Second,

IRT involves risk taking (as opposed to just risk), thus challenges are chosen, not imposed.

Benefits of choosing one’s challenges are evident in theories of intrinsic motivation. For

example, self-determination theory assumes autonomy is one of three fundamental psycho-

logical needs (Ryan and Deci, 2000), and Csikszentmihalyi (1975) stipulates the need to be

in control in order to access a powerful productive state called “flow”.
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Competence Benefits of moderate challenge have been widely discussed in competence

literature (e.g., Meyer et al. 1976; Forsterling and Weiner 1981); because, when one solves

a task of 0.5 probability of success, this can provide maximum information about oneself,

through maximum reduction of uncertainty6. This is important for both academic identity

and self-efficacy.

Self-Efficacy Self-efficacy refers to one’s judgments about his or her personal capabilities

with regards to learning or performing actions at certain levels (Bandura, 1997; Schunk

and Pajares, 2001). According to Bandura (1997), self-efficacy is impacted by our actual

performances, our vicarious experiences, social persuasion from others, and physiological

indexes; and among these, actual performances tend to be the most influential. Because IRT

involves one’s actual performances, and because moderate IRT implies optimal challenge, it

follows that moderate IRT may provide considerable opportunity for increasing one’s self-

efficacy in the intellectual domain. Bandura (1997) repeatedly emphasizes the importance

of optimal challenge (a more likely characteristic of moderate, as opposed to low or high,

IRT), in developing one’s self-efficacy; arguing that succeeding at easy tasks does not provide

useful information about one’s abilities, whereas mastery of challenging tasks does.

Cognitive Development Benefits of moderate challenge have long been discussed in

theories of cognitive development. For example, according to Piaget (e.g., Piaget 1964),

one cannot undergo the process of accommodation if they are not met with sufficient chal-

6For a task with 0.5 probability of success, success is as equally likely as failure. Thus, knowing that
one either succeeded or failed at this task will reduce this maximal uncertainty of the outcome to zero. In
contrast, people typically know how they will perform on very easy or difficult tasks, the former typically
resulting in success, and the latter, failure.
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lenge or unfamiliarity which requires modifying existing schemas to meet the new challenge.

And Vygotsky (1978) explains that without sufficient challenge, children will become accus-

tomed “exclusively to concrete thinking and thus suppressing the rudiments of any abstract

thought” (p. 89). Vygotsky (1978) also distinguishes independent activity from imitation,

explaining the former, but not the latter, allows for the development of abstract thinking.

Particularly relevant to the type of IRT of interest in this work (i.e., willingness to

share one’s solution to a math problem), Vygotsky (1978) strongly emphasizes the impor-

tance of communicating with others in one’s cognitive development. Moderate IRT, defined

as a willingness to share one’s solution on moderately challenging problems, provides op-

portunities to collaborate with peers on moderate challenges, and thus may be particularly

beneficial for cognitive development.

Constructive Failure

A higher, relative to lower, complexity math problem, will have a higher degree

of strategy flexibility; thus, permitting performance outcomes to be attributed to strategy

use. This is important because there is evidence to suggest strategy attributions are more

beneficial, in terms of constructive failure (e.g., renewed determination, correction of errors,

and positive expectations for future performance), than either ability or effort attributions

(Anderson and Jennings, 1980; Clifford, 1986a,b). The idea is that strategy attributions

can turn failure outcomes into problem solving situations (Clifford, 1984), which shifts the

focus from one’s ego to the challenge of finding a more effective strategy.
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Moderately challenging, as compared to easy procedural, tasks, should increase

opportunities for students to share original solutions and ideas for solving the problem; a

beneficial behavior known as productive participation, which will be discussed shortly.

Motivation and Persistance There is empirical evidence that moderate challenge, as

opposed to either easy or difficult challenge, maximizes task satisfaction, performance and

persistence (Atkinson, 1957). However, these empirical findings pertained to self-selected

challenges, a characteristic of moderate IRT that I focus on next.

Intrinsic motivation

Around the 1970s, the distinction between intrinsic and extrinsic motivation was

frequently investigated via attributional analysis (Kruglanski et al., 1975). It was concluded

that “intrinsic motivation obtains whenever the actor locates the causality for his activity

within himself and extrinsic motivation whenever he locates it in the external environment”

(Deci, 1971, 1972a, 1972b; cited in Kruglanski et al. 1975, p. 744). Although most activities

can be attributed to both external and internal causes, the key consideration is that one’s

personal autonomy (or more directly, one’s self-determination) appears to be a determinant

of intrinsic motivation (Ryan and Deci, 2000). In this section, I discuss the benefits of

moderate IRT (a behavior which, by definition, is self-determined), within the context of two
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theories of intrinsic motivation7: self-determination theory (SDT) and Csikszentmihalyi’s

theory of flow.

Self-Determination Theory (SDT) SDT assumes three fundamental psychological

needs: competence, autonomy, and relatedness. Regarding competence and autonomy

needs, SDT emphasizes the importance of (1) optimally difficult challenges, and (2) having

the ability to choose these challenges (Ryan and Deci, 2000). Moderate IRT meets these

two conditions.

The first condition (moderate challenge) is discussed previously in the section ti-

tled “Competence”. The second condition (i.e., being able to choose challenges), presents,

as Clifford (1991) points out, a key difference between risk and risk taking, in that the

latter implies a choice. This distinction is important because it has been found that peo-

ple whose motivation is self-endorsed (a feeling inherent when one chooses the task or

challenge), as compared to people who do not feel autonomous, “have more interest, ex-

citement, and confidence, which in turn manifests as enhanced performance, persistence,

and creativity” (Ryan and Deci, 2000, p. 69). Additionally, self-selection of challenges has

resulted in greater self-esteem (Deci & Ryan, 1995). Furthermore, there is evidence that

self-determination of challenges, increases one’s preference for more difficult challenges (e.g.,

Atkinson et al. 1960; Boggiano et al. 1988). This means that engaging in IRT, even at low

levels, might increase a preference for higher levels of IRT.

7Whether intrinsic motivation can be viewed as a benefit of IRT, or any behavior, may be confusing
due to problems of circularity (see section titled: “Measuring Risk: Why Not Just Measure Motivation?”).
Specifically, it could be that intrinsic motivation causes moderate IRT, or it could be that engaging in
moderate IRT on some task results in intrinsic motivation in working on that task, or both. Nevertheless,
it seems increasing one’s IRT also means increasing one’s intrinsic motivation, regardless of which causes
which.
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Flow Csikszentmihalyi’s (1975) flow state is described as a powerful productive state

of intense focus which is similar to Maslow’s peak experiences. Csikszentmihalyi (1975)

identified characteristics of the flow state by studying a wide range of autotelic activities

(i.e., activities without external rewards or goals), and interviewing people who engaged in

them. Results of this investigation identified both the freedom to choose challenges, and

optimal challenge as characteristics of a flow activity. Thus, moderate IRT may provide

opportunities for flow.

Another characteristic of the flow state is that there is “clear, unambiguous feed-

back to a person’s actions. ... one clearly knows what is ‘good’ and what is ‘bad’” (Csik-

szentmihalyi, 1975, p. 48). While this is not a necessary requirement of moderate IRT,

opportunities for immediate feedback are possible when engaging in IRT operationally de-

fined as sharing attempted solutions to math problems.

Finally, “whether one is in flow or not depends entirely on one’s perception of what

the challenges and skills are” (Csikszentmihalyi, 1975, p. 50). Thus, for moderate IRT to

result in flow, it appears the level of risk should be considered from the perceptions of the

individual rather than from the perceptions of the greater community. This speaks to the

importance of considering the individual’s confidence judgments.

Productive Participation

Choosing to participate in class is a type of IRT behavior (according to definitions

provided by Beghetto 2009 and Byrnes et al. 1999), but not all participation is moderate

IRT. Specifically, participation that is required, or that involves easy challenges, is not

moderate IRT. For example, students merely checking answers, or sharing a teacher-taught
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approach to solving, would probably be engaging in lower levels of IRT than students who

are sharing their original solutions and ideas for solving the problem. And moderately

difficult/complex tasks (a condition for moderate IRT), as compared to easy/procedural

tasks, would be more likely to provide opportunities for students to share original solutions

and ideas; behaviors which are necessary for productive participation.

Productive participation has been identified as engaging with others’ ideas

and critiquing others’ arguments (Franke et al., 2015; Ing et al., 2015; Webb et al., 2013).

Productive participation has been found to be positively related to math achievement (Ing

et al., 2015; Webb et al., 2008, 2017).

Ing et al. (2015) describe benefits of productive participation as corresponding

to two dimensions. One dimension is concerned with the cognitive development that re-

sults from students’ construction of new ideas and arguments, and from revising their own

thinking and understanding, as they engage with the ideas of others. The second dimen-

sion concerns the sociocultural impact corresponding to students’ wrestling with their own

thinking in the process of developing arguments and building on and/or critiquing the ideas

of others. A possible third dimension has been identified by Polya (1963), who explains:

“the boy who expresses an opinion commits himself; his prestige and self-esteem depend a

little on the outcome, he is impatient to know whether his guess will turn out right or not,

and so he will be actively interested in his task and in the work of the class” (p. 610).

Productive participation can increase one’s IRT. For example, a student may begin

critiquing another’s argument being 90% certain they are correct (i.e., low IRT), but then

after hearing the other student’s argument may change their certainty to 50%. Because, as
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Ploya (1963) would say, the students sharing has committed him or herself, this motivates

him or her to continue participating at the lower level of certainty (i.e., moderate IRT).

Opportunities for these beneficial experiences would likely be higher if students choose

to discuss moderately difficult and complex8, as opposed to easy and procedural, math

problems.

Social Status Productive participation may be beneficial for increasing one’s social sta-

tus, and this may be especially beneficial for females. For example, Shackelford et al. (1996)

found that although females tend to have a lower status than males when working on group

tasks, females who demonstrated high ability early on, as well as those who exhibited non-

conformity (both of which can be accomplished by engaging in moderate IRT), were able

to gain more influence9 (which I consider an indicator of social status) in their peer groups.

And it has been found that following a group discussion, females who had reported a pref-

erence for higher risk taking10 were judged by their group members to be more influential11

during the discussion. This relationship between risk taking and influence was not found

for males.

8Of interest here is level of risk defined from the perceptions of the greater community, as this is stable;
whereas, from the example I provided, the level of risk from perception from the individual fluctuates.

9The level of influence was identified as the number of times the group chose the participant’s answer to
represent the group’s answer to a group task.

10A limitation of Wallach et al.’s 1968 study is that risk taking was measured via decisions based on
fictional characters in hypothetical scenarios; a method known to produce inaccurate measures of risk taking
(see section titled “Measuring Risk Taking: Assessment Issues”).

11Group members rated one another’s level of influence by responding to the following questions: (1)
“Which member of the group would you say was most influential in the discussions?” (2) “How would you
rank the others? Include yourself.”
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2.3 Gender Differences in IRT

Up until this point I have established what IRT is and why IRT may be beneficial

for math education outcomes. Now I will review evidence of gender differences in IRT,

followed by a review of internal factors and external factors thought to be related to IRT.

The result of this review leads to the prediction of greater IRT among males, compared to

females.

2.3.1 Gender Differences in Risk taking: All Domains

This section reviews major theories and expectations, as well as empirical evidence,

regarding gender differences in risk taking in general (across domains). The following section

focuses on gender differences in risk taking specific to intellectual and academic domains.

Major Theories and Expectations: Their Relevance in Predicting Gender Dif-

ferences in Risk Taking

Theories of risk taking can be separated into three categories (Byrnes et al., 1999).

The first category includes theories that consider risk-taking a personality trait. These the-

ories “are equipped to explain the differences between people who regularly take risks and

people who regularly avoid risks” (Byrnes et al., 1999, p. 368). Examples include Zucker-

man’s (1979b) conceptualization of risk taking as a sensation-seeking personality trait, and

Kelling and Myerowitz’s (1976) risk as value hypothesis which involves the conceptualiza-

tion of risk taking as a socially valued masculine tendency. Such theories predict greater

risk taking among males, compared to females, regardless of context.
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The second category includes theories that focus on the situational factors that

impact risk taking. These theories “are equipped to explain the differences between situa-

tions that promote risk taking (in most people) and situations that promote risk aversion”

(Byrnes et al., 1999, p. 369). A prominent example is Kahneman and Tversky’s (1979)

prospect theory; the latter accounting for the tendency of people to prefer the safe option

in the domain of gains (e.g., winning $500 with certainty, or winning $1000 or nothing,

each with probability of 0.5) and the risky option in the domain of losses (e.g., losing $500

with certainty, or losing $1000 or $0, each with probability of 0.5). These theories are not

equipped to predict differences in risk taking based on gender.

The third category includes theories that consider risk taking to be dependent

on both personal and situational factors. These theories “could explain why only certain

people take risks in certain situations” (Byrnes et al., 1999, p. 369). Expectancy-value

models (e.g., Wigfield and Eccles 2000) would fall into this third category. These models

are complicated, however, because people’s expectations and values change across different

contexts. Another example is Arnett’s (1992) theory of broad and narrow socialization,

which posits that risk taking is a function of sensation seeking and cultural restrictions.

A third example is Wilson and Daly’s (1985) sociobiological model, which posits that risk

taking is part of the masculine psychology. This third model predicts males to always

take greater risks than females, and that the gender gap would increase with the level of

competition.
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In this dissertation, both internal (i.e., confidence and calibration) and external

(i.e., problem difficulty) factors are considered when forming predictions regarding gender

differences in IRT.

Review of Evidence of Gender Differences in Risk Taking Across Domains

There have been many empirical investigations of gender differences in risk taking,

with most studies suggesting that males take more risks than females (Byrnes et al., 1999;

Kogan and Wallach, 1964; Croson and Gneezy, 2009; Reniers et al., 2009).

One of the earlier and more prominent investigations of gender differences in risk

taking, was a series of studies conducted by Kogan and Wallach (1964), which focused on

general (as opposed to domain-specific) gender differences in risk taking behavior across

both hypothetical and payoff conditions. The authors found risk taking behavior to be

more likely for males, compared to females, and this trend was consistent across conditions.

Although there is evidence that personal factors (e.g., confidence, affective reaction

to risk, impulsivity, extroversion) may explain the tendency for males to engage in higher

risk taking (e.g., Croson and Gneezy 2009; Clifford 1991; Davis and Carr 2001), evidence

that gender differences are domain specific and depend on context (Byrnes et al., 1999; Miller

and Byrnes, 1997; Nicholson et al., 2005) suggests situational factors are also important.

2.3.2 Gender Differences in Risk Taking in Intellectual and Academic

Domains

Evidence of gender differences in IRT is mixed. Part of the problem is due to

different definitions of risk taking in intellectual and academic domains. But even when

34



similar definitions are used, there are inconsistent results. For example, for studies that

operationally define risk taking as selection of task difficulty (a type of IRT often referred

to as academic risk taking, ART), some report gender differences (e.g., Byrnes et al. 1999;

Clifford et al. 1990), while others report no gender differences (e.g., Clifford 1988; Clifford

et al. 1989). One reason for these inconsistencies may be due to situational factors. For

example, a major difference between Clifford’s (1990) work, and Clifford’s earlier work (i.e.,

Clifford 1988; Clifford et al. 1989) is that gender differences in ART were investigated for

variable, as opposed to fixed, payoffs 12; the former resulting in gender differences in ART.

Another reason for inconsistent reports of gender differences in IRT may have do

with IRT being age-dependent. While evidence of gender differences in IRT have been found

as early as elementary school (Clifford et al., 1990), Byrnes et al.’s (1999) meta-analytic

review revealed middle school to be associated with the largest gender differences in IRT.

Later in this chapter I consider both internal and external factors which may help explain

this trend.

Sometimes gender differences in IRT are reported, but the term risk taking is not

used. For example, Turner et al. (2002) found males, compared to females, indicated a

higher preference for IRT; but the authors referred to IRT, or rather avoidance of IRT,

as novelty avoidance13. Gender differences in novelty avoidance were significant even after

controlling for students’ goal structure (both mastery and performance), prior math grades,

and ethnicity (Turner and Patrick, 2004). Additionally, when Fennema et al. (1990) asked

12Variable payoffs meant that points awarded for correct answers increased with problem difficulty, whereas
fixed payoffs meant that points for correct answers were the same regardless of problem difficulty.

13Novelty avoidance has been measured via the PALS Avoiding Novelty scale, which is very similar to
Beghetto’s 2009 IRT scale. An example item from the PALS Avoiding Novelty scale is: “I would choose
math problems I knew I could do, rather than those I haven’t done before”.
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teachers to report on the characteristics of their students, they thought males “volunteered

answers more often to mathematics problems” (p. 55), and were more competitive, adven-

turous and independent in math. These teacher reports are consistent with cross-cultural

evidence of stereotypes that males are more independent and open to experience than fe-

males (Williams et al., 1999). Next I will discuss gender differences in independent problem

solving, which, according to Beghetto’s (2009) definition of IRT, is a type of IRT behavior.

Independent Problem Solving Independent problem solving is a type of IRT behavior

characterized by solving problems using invented algorithms or novel approaches as op-

posed to solving using a memorized or taught procedure. Evidence of gender differences in

independent problem solving has been found as early as elementary school. Perhaps the

most notable study is the work of Fennema et al. (1998a)14, who conducted a longitudinal

(first to third grade) study of sex differences in math strategy use and performance. No

sex differences were found in performance on conventional problems; however, males, more

than females, performed better on unconventional problems, and males were more likely to

use invented algorithms15 to solve these problems. In contrast, girls tended to use standard,

teacher-taught, algorithms16. The gender differences in strategy use were found during each

year investigated (i.e., first, second and third grade).

To explain the results found by Fennema et al. (1998a), Hyde and Jaffee (1998) ar-

gue that students may have associated invented algorithms with the male role, and standard

14A limitation of the work of Fennema et al. (1998a), that Leyva (2017) points out, is the sample was
predominantly (89%) White.

15An example of an invented algorithm, for adding 38 and 26, is: “30 and 20 is 50, and 8 makes 58. Then
6 more is 64” (Fennema et al., 1998a, p. 6).

16An example of a standard approach, for adding 38 and 26, is: to line up the numbers so that 8 and 6
are in the ones column and 3 and 2 are in the tens column, and then take the remaining procedural steps
to complete the computation.
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algorithms with the female role; where the former is associated with adventurousness and

independence and the latter is associated with meekness and dependence. Consistent with

this, it is thought males are more independent than females, particularly from the ages 3-14

(Fennema and Peterson, 1985). Whereas “girls try to recognize the setting and ’apply the

rules to recognized situations’, ... boys often successfully use more independent processes

with the more difficult questions” ((Jones and Jones, 1989, p. 190); see also Goodchild and

Grevholm 2009).

More recently, among 2nd and 3rd graders, Hornburg et al. (2017) found gender

differences in strategy use. Specifically, females were more likely than males to use, what

the authors termed “the add-all strategy” when solving equivalence problems; which has

been identified by McNeil & Alibali, (2005) to be not only incorrect, but also highly change

resistant. Moreover, males were more likely than females to solve these problems correctly.

Evidence of gender differences in independent problem solving has also been found

for middle and high school students. Among middle school students, Che et al. (2012) found

that females tended to rely on “purely additive strategies” (p. 529), while males tended

to use more advanced proportional reasoning. Among high school students Gallagher and

De Lisi (1994)17 investigated sex differences in strategy use on math problems 18 from the

SAT-M test, and found that females were more likely to use conventional strategies (and

17A limitation Gallagher and De Lisi’s (1994) is that only students who received a score of 670 or higher on
the SAT-M test were included; therefore results may not generalize to lower performing students. Another
limitation was that strategy use was measured using student reports, and the authors observed students
having great difficulty explaining their strategies.

18Figure 2.1 provides an example of the type of problems used in the work of Gallagher and De Lisi (1994).
In problem 1, the solution could be arrived at algebraically, or one could see the numerators increasing
sequentially, setting n to 24 then, in order for point R to be 6/24, then it is easy to see that PQ = 1/12,
and QR = 1/12, and therefore, PR = 2/24. The latter approach does not involve a standard algorithmic
approach. Moreover, it involves fewer calculations, and has the potential to be completed quicker than the
traditional algorithmic approach. Thus the latter approach seems particularly advantageous when taking a
test with limited time, as in the case of SAT testing.
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do better on conventional problems), while males were more likely to use unconventional

strategies (and do better on unconventional problems).

The findings of gender differences in strategy use are also consistent with evidence

of gender differences in performance on certain types of problems; where “male superiority

in mathematics is found especially in performance on tasks of high cognitive complexity

such as true problem solving” (Fennema and Peterson, 1985, p. 309). For example, Pe-

terson and Fennema (1985) found that males did significantly better on higher level math

problems (as defined by the NAEP; see Figure 2.2) than females. There is also evidence

that males tend to perform better than females on math problems that require extending

math concepts (Fennema et al. 1990; see Carpenter et al. 1988 for a description of extension

problems). Consistent with this, Marshall (1984) looked at sex differences in math skills for

all sixth grade students enrolled in California public schools, and found that even though

measured reading achievement was higher for females, females tended to perform worse on

mathematical word problems, but better on computations, than males. Lastly, Harris et al.

(1993) found males performed better on “items requiring higher level mental processing”

(p. 145), and females performed better on “items that were very textbook-like” (p. 145).19.

Evidence of gender differences (indicating greater risk taking in male participants)

in independent problem solving seems consistent with evidence that males outnumber fe-

males amongst the top-scorers on tests such as the SAT-M (Ceci et al., 2009; Reis and

19While the authors did report a female and male advantage for what they termed “abstract” and “applied”
items, respectively, a closer look at the items revealed that abstract items simply meant they did not reflect
real-life situations. Based on this, I think a better label for the items the authors termed “abstract”
might be “non-applied”. Moreover, based on the example items provided, the abstract items were all
computational/procedural type problems, whereas the applied items tended to be more complicated word
problems.
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Figure 2.1: Examples of Problems used in Gallagher and De Lisi (1994)

39



Figure 2.2: Examples of Problems used in Peterson and Fennema (1985)
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Park, 2001; Hedges and Nowell, 1995). This is based on the assumption that it is the

more challenging math problems that distinguish the top-scorers. Evidence to support

this assumption was obtained by Gallagher (1992) and Gallagher et al. (2000), who found

that among the top-scorers, it was the more difficult20 problems for which males tended to

perform better on.

See Appendix .2 for a more extensive review of literature on gender differences in

assessed math performance. Also discussed is the role of stereotype threat.

Gender Differences in Autonomous Learning Behaviors (ALB) According to Fen-

nema and Peterson (1985), gender differences in math performance may be due to gender

differences in the development of autonomous learning behaviors (ALB). ALB in math edu-

cation includes: choosing challenging math tasks, and working independently and persisting

on those tasks; and these behaviors are thought to be necessary for developing the skills

needed to solve challenging math problems. Specifically, ALB is thought to mediate the

relationship between internal factors (e.g., confidence, performance attributions, interest)

and external factors (e.g., instructional practices, teacher expectations, teacher-student in-

teractions) on gender differences in math performance (see Figure 1.3). The authors argue

that males, more than females, participate in activities promoting the development of ALB;

resulting in males tending to use independent problem solving skills needed to solve high

level math problems.

In this dissertation, I build on the ALB model (see Figure 1.3). I believe its utility

can be increased by considering ALB that are also moderate IRT. There are three reasons

20Problem difficulty was defined as the probability of success determined via sample performance.
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I believe the IRT model (see Figure 2.3) may be more useful than the ALB model. First,

the literature suggests there may be gender differences in IRT, but not necessarily ALB

(for example, persistence). Second, the IRT model emphasizes challenge. By narrowing

the focus to specific behaviors at specific levels of difficulty, we may be better able to

understand gender differences in math. After all, we might not expect gender differences in

a willingness to volunteer a solution for an easy procedural problem, but we might expect

gender differences in this behavior for a more complex or unfamiliar problem. Third, the

IRT model includes other math education outcomes (e.g., performance, metacognition21,

identity, and interest) besides math performance.

Social Risk Taking

In this dissertation, I focus on a type of IRT (operationally defined as willingness to

share with others one’s attempted solution to a math problem) that involves risking social

approval from both peers and the instructor. This section reviews literature on gender

differences in risk taking in the social domain.

Although both theory and empirical evidence has suggested males, compared to

females, are more likely to engage in risk taking in most domains, there is some evidence

to suggest that, in the social domain, it is females who are more likely to engage in risk

taking. For example, although Weber et al. (2002) found males, more than females, reported

they would be willing to take risks in the financial, health/safety, recreational, and ethics

domains, females, more than males, reported they would be willing to take risks in the social

domain (examples of social risks included “breaking up with a boyfriend/girlfriend” and

21Specifically retrospective confidence judgments and constructive performance attribution patterns.
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Figure 2.3: Intellectual Risk Taking (IRT) Model

IRT model, adapted from ALB model developed by Fennema & Peterson (1985)
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“stating an unpopular opinion”). Similarly, Nicholson et al. (2005)22 found males reported

a greater willingness to take risks in the health and safety domain, whereas women reported

a greater willingness to take risks in the career (e.g., changing jobs) and social (e.g., publicly

challenging a rule) domains.

There is, however, evidence to suggest males take greater risks when the domain

is both intellectual and social. For example, Larkin and Pines (2003) investigated adult

risk perceptions and willingness to go on a quiz show, and found women considered the

situation more risky, were less willing to go on the show, and were worried, in particular,

about performing poorly in front of others. Additionally, there is evidence males are more

likely to share their opinions and information, whereas females are more likely to agree

and act friendly (Wood, 1987). More recently, from observing almost 250 seminars in

10 countries, Carter et al. (2018) found that males were more likely than females to ask

questions; and when asked for reasons for not asking questions, females were more likely

than males to say they could not work up the nerve to do so.

2.3.3 Gender Differences in Internal Factors Related to IRT

The extent to which personal characteristics play a role in risk taking is unclear.

Some researchers argue risk taking is highly dependent on personal factors (e.g., Zuckerman

and Neeb 1979; Davis and Carr 2001), while others attest that risk taking is largely depen-

dent on situational factors (Nicholson et al., 2005; Miller and Byrnes, 1997; Byrnes et al.,

1999). In this section, I review the literature on gender differences in select person-centered

22A limitation of both Weber et al. (2002) and Nicholson et al. (2005) is that in each study the sample was
limited to college students within the same major. This is problematic because gender differences disappear
within groups of graduates in the same major (Abel, 2000; cited in Held et al. 1993; see also Nicholson et al.
2005).
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factors (with the exception of confidence, as this was discussed previously) thought to be

related to gender differences in IRT.

Brain Development during Adolescence

Females tend to undergo prefrontal cortex (PFC) myelination earlier than males

(Powell, 2006). Because PFC myelination is considered important for “weighing risks and

rewards, and the simultaneous consideration of multiple sources of information” (Steinberg,

2008, p. 92), and because decision processes supporting risk aversion are thought to be

more advanced than those promoting risk taking (Reyna and Farley, 2006; Cazzell et al.,

2012)23, this supports Ceci et al.’s (2009) assertion that the greater cautiousness of females

that has been observed in math may be due to “women’s increased reviewing of choices and

double checking” (p. 240). Indeed, there is evidence of gender differences in willingness to

take risks disappearing after controlling for whether respondents think about positive or

negative aspects of risk (Dohmen et al., 2018).

Together these things suggest that, beginning around middle school, females may

be better equipped to consider academic consequences (e.g., grades) and teachers’ expecta-

tions more so than males. Furthermore, because traditional education24 is associated with

performance goals and extrinsic motivation (Midgley et al., 1995; Wang and Degol, 2017),

and because such conditions are thought to undermine intrinsic motivation (Ryan and Deci,

2000), this could result in lower IRT for females, compared to males. This notion is consis-

23Evidence of the importance of the PFC in decision making is also obtained by comparing developing
adolescents with fully developed adults. For example, Baird, Fugelsang, & Bennett (2005; cited in Steinberg
2008) found that developing adolescents took significantly longer than fully developed adults to decide if a
risky decision was a good idea, but no differences were found for non-risky decisions.

24With the exception of elementary education.
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tent with evidence of females, compared to males, earning better grades, but engaging less

in independent problem solving.

Performance Attributions

In this section I explain how gender differences in IRT may explain findings in the

literature on gender differences in performance attributions. In doing this I hope to further

establish the importance of investigating whether there are gender differences in IRT.

Evidence of gender differences in performance attributions is mixed. From their

review, Fennema et al. (1990) conclude that “males tend to attribute successes to an inter-

nal stable cause (ability), and failure to an external, unstable cause (effort). Females tend

to attribute successes to unstable causes (effort and luck) and failures to ability.” (p. 58).

This attribution pattern for females has been identified as a learned-helplessness orientation

(Diener and Dweck, 1978). In contrast, some have found no gender differences (e.g. Parsons

et al. 1982). And Freize et al.’s 1982 meta-analytic review revealed that males are more

likely than females to attribute both successes and failure to ability (d = 20 for informa-

tional worded measures of performance attributions; d = 8 for causally worded measures

of attributions)25, but that the size of the effects differ across studies, with some studies

reporting contradictory findings.

Perhaps one reason for the inconsistencies is that gender differences arise in some

contexts, but not in others. For example, gender differences in attributional patterns (i.e.,

males attribute both failures and successes to ability; whereas females attribute successes

25Informational worded measures of attributions ask the respondent how much ability or effort was required
to answer the question, and how difficult the question was, whereas causally worded measures of attributions
ask the respondent directly what caused the performance outcome.
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to effort and failures to ability – learned-helplessness orientation) have been found in math

and science but not in language arts (Ryckman et al., 1987; Stipek, 1984). And, from

their review of literature on this topic, Meece et al. (2006) conclude that successes to math

problems are more likely to be attributed by females to effort, and by males to ability.

Gender differences in independent problem solving (a type of IRT) may explain

gender differences in performance attributions in math. Specifically, males’ use of uncon-

ventional strategies presumably leads to attributing performance (both success and failure)

to ability. However, if the problem is procedural (no opportunities for unconventional strat-

egy use), then males may be more likely to attribute performance to effort. In contrast,

females’ use of conventional, teacher-taught, strategies presumably leads to failure on unfa-

miliar complex problems and success on familiar procedural problems; with failures being

attributed to ability and successes being attributed to effort.

2.3.4 Failure Tolerance

Recall that when one engages in risk taking, the affective response to failing is

thought to depend on the probability of success (Atkinson, 1957; Clifford, 1991). The

idea is that the easier the challenge one engages in (meaning high probability of success),

the worse one will feel regardless of success or failure (Clifford, 1991). However, in the

event of failure, the magnitude of how bad one will feel will depend on the individual’s

failure tolerance. In other words, two people that estimate the same probability of success

could perceive very different levels of risk if one person cares more about failing (i.e., has a

lower failure tolerance) in the domain in which the risky decision is situated. Consider, for

example, two people who are considering whether to engage in the same social risk taking
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behavior. If one person cares a great deal about what others think of him or her (i.e., low

social failure tolerance), and the other person does not care much what others think (i.e.,

high social failure tolerance), then even if both individuals estimate the same probability

of success (i.e., confidence judgment), the person who does not care what others think (i.e.,

has a higher social failure tolerance) will perceive a lower level of social risk than the person

who does care (i.e., has a lower social failure tolerance).

In this work, the risky decision is whether or not to share your solution to a

problem; a decision which is situated in the combined academic, social, and intellectual

domain. The literature suggests males have a higher academic failure tolerance than females

(Clifford, 1991). However, perhaps surprising even, is the literature indicates females to

have a higher failure tolerance in the social domain, as evidenced by males, more than

females, espousing performance goals (i.e., desiring to demonstrate ability; Middleton and

Midgley 1997). Moreover, males, compared to females, not only report higher levels of

social desirability 26, but that social desirability appears to be critical in males’, but not

females’, risk taking.

26Social desirability is often discussed in the literature in reference to social desirability bias, which is the
tendency for individuals to respond in a way that is viewed favorably by others (Callegaro, 2011). Thus,
one’s social desirability speaks to one’s tendency to avoid criticism from others, and thus to one’s tolerance
for failing, intellectually, or otherwise, in the social domain. Important also is that one’s social desirability
motives, when it comes to risk taking, are impacted by the extend to which one identifies, or is identified by
others, as masculine; as risk taking is thought to be an attribute of the male psychology (Wilson and Daly,
1985).
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2.4 Examining the Role of Gender Differences in Confidence

and IRT in the Problem of Female Underrepresentation

in STEM

To further establish the contribution of this work, I present an argument for why

gender differences indicating greater confidence and IRT among males, compared to females,

in math, may contribute to the problem of female underrepresentation in math-intensive

STEM fields. To do this I identify skills needed to succeed in these fields; and argue these

skills might be developed by engaging in IRT in math.

2.4.1 Female Underrepresentation in STEM

Evidence of female underrepresentation is not found for all STEM fields. Specif-

ically, it is the math-intense fields such as physics, computer science, and engineering in

which females are particularly underrepresented; as evidenced by gender differences in AP

participation rates (College Board 2016; see Figure 1.1), college enrollment rates (UNESCO,

2017), college degree attainment rates (National Science Foundation and National Center

of Science Education Statistics 2017; see Figure 1.2), and employment rates in full-time

and salary occupations (Bureau of Labor Statistics and U.S. Department of Labor, 2016).

Addressing this problem is important for (1) meeting current workforce demands for highly

qualified STEM majors (Bureau of Labor Statistics and U.S. Department of Labor, 2016),

(2) increasing the diversity of perspectives in these fields (Stout et al., 2016; American As-

sociation of University Women, 2015), and (3) and addressing barriers to STEM pathways.
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Extensive research has examined both biological and sociocultural causes for fe-

male underrepresentation in STEM. Ceci et al. (2009) reviewed over 400 studies, including 20

meta-analyses as well as some meta-analyses of meta-analyses, and developed an evidence-

based causal model for explaining gender differences in math-intensive STEM fields (see

Figure 2.4). Factors that had direct links to STEM participation, and that were found to

be the most important and with the strongest evidence, include: assessed performance, mo-

tivation, attitudes, interests, and activities. However, the authors conclude there is much

we still do not know, for which evidence corresponding to all the factors in Figure 2.4,

though some more than others (e.g., biological factors), have been inconsistent, contradic-

tory and/or inconclusive. In contrast, Cheryan et al. (2016) developed a simpler causal

framework (see Figure 2.5) which suggests three overarching factors (i.e., masculine cul-

ture of the fields, insufficient early experiences, and gender differences in self-efficacy) to be

primarily responsible for female underrepresentation in math-intense STEM fields.

2.4.2 What About Math Skills?

A major difference between Cheryan et al.’s (2016) and Ceci et al.’s (2009) frame-

works is the importance of math skills in the problem of female underrepresentation in

STEM. After reviewing both perspectives, I am in agreement with Ceci et al. (2009) that

gender differences in math skills are important to consider in the problem of female un-

derrepresentation in STEM 27. In particular, there is evidence that gender differences in

assessed math performance predict STEM participation in college and career paths (Ceci

27See Appendix .1 for a critique of Cheryan et al.’s (2016) arguments regarding the relevance of gender
differences in math performance for predicting female underrepresentation in math-intense STEM fields.
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Figure 2.4: Framework developed by Ceci et al. (2009)

Evidence-based causal model. Nodes and links with stronger evidence of role in explaining

sex differences in STEM (science, technology, engineering, and mathematics) professions

are presented in boldface. Width of links indicates importance (wider = more important).
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Figure 2.5: Framework developed by Cheryan et al. (2016)

Masculine culture, insufficient early experience, and gender gaps in self-efficacy come to-

gether to explain women’s lower representation in computer science, engineering, and

physics than biology, chemistry, and mathematics. Solid arrows indicate the presence of

experimental evidence.
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et al., 2009; Benbow et al., 2000), and that “being in the extreme right tail — that is, the top

0.1%, or even the top 0.01% — adds incremental predictive power for STEM success” (Ceci

et al., 2009, p. 219). Differences in assessed math performance amongst the top-scorers

(i.e., right tail of the distribution) are important to consider regarding STEM participation

because “people in STEM professions come predominantly from the right tail” (Ceci et al.,

2009, p. 219). In contrast, Cheryan et al. (2016) argues that gender differences in assessed

math performance are not relevant to the problem of female underrepresentation in STEM.

My critique of Cheryan et al.’s (2016) argument is provided in Appendix .1.

What About Stereotype Threat? Stereotype threat, albeit well documented, is not

well understood (Ceci et al., 2009). A prominent example is that in, more, versus less,

gender-equal countries, the former is paradoxically associated with even lower STEM partic-

ipation (Stoet and Geary, 2018) and math scores (Guiso et al., 2008) for females, compared

to males. Ceci et al. (2009) argue “[i]f cultural beliefs about male superiority are responsible

for stereotype threat, and if such conditions are a major cause of women’s underrepresen-

tation in STEM (which we do not suggest), then male overrepresentation should be greater

in countries not known for their egalitarian gender beliefs” (p. 244). Furthermore, Ceci

et al. (2009) extensively reviewed literature centered on stereotype threat as a possible

explanation for female underrepresentation in math-intensive STEM fields and concluded

stereotype threat “is unlikely to be a primary cause of sex differences in representation in

these fields” (p. 245).

See Appendix .2 for a discussion of how stereotype threat may impact certain

measures of math performance.
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The Role of IRT

Gender differences in IRT relate to several factors thought to impact female under-

representation in STEM. Some of these factors may influence IRT, some may be influenced

by IRT, and some may have bi-directional relationships with IRT. Moreover, STEM partic-

ipation, in both in narrow contexts (e.g., choosing to participate in a class discussion during

math) and broad contexts (e.g., enrolling as physics major), could be classified as IRT.

Skills Needed Problem solving requires extending math ideas and is important for suc-

ceeding in math-intense STEM fields, including physics, engineering and computer science.

As Polya (1963) explains, “mathematical thinking is not purely ’formal’; it is not concerned

only with axioms, definitions, and strict proofs, but many other things belong to it: gen-

eralizing from observed cases, inductive arguments, arguments from analogy, recognizing a

mathematical concept in, or extracting it from, a concrete situation” (p. 606).

The Next Generation Science Standards for Physics (2013) call for students to

extend their understanding of math concepts to solve problems with a wide variety of

knowns and specifications. Consider, for example, the common block on ramp problem

given in virtually all high school physics courses; the ability to derive the formulas based

on a deeper understanding of the math concepts (e.g., trigonometric relationships, systems

of equations, etc.) presents a clear advantage over memorizing a multitude of formulas for

a variety of specifications (e.g., different angles of the ramp, additional forces, whether the

block is in motion, etc.).

This advantage of learning to extend ideas rather than memorizing rules or formu-

las, becomes even more prevalent as students progress into learning more advanced topics
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in select STEM fields. For example, while students may be able to be successful when

memorizing formulas for many introductory courses in integral and differential calculus,

a deeper understanding of the derivation of these formulas (e.g., understanding series ex-

pansions, etc.) is necessary for applying numerical approximation techniques needed to

solve, for example, real-life, as opposed to contrived, problems, frequently encountered by

math-intense STEM majors in higher level courses. In some math-intense STEM courses,

students are also required to shift their thinking of vectors and matrices in the Cartesian

coordinate system, to new coordinate systems; thus requiring a deeper understanding of

the familiar coordinate system to be able to extend these ideas in order to work within

new coordinate systems. As a final example, in introductory computer science courses,

students’ fundamental understanding of counting in base 10 is called into question when

students are required to begin thinking in base 2, thus requiring abstract understanding of

fundamental mathematics concepts and extension of what has been learned to a new system

of mathematical thinking.

Students cannot just rely on memorization and procedures to acquire these skills.

As Halmos et al. (1975) explains, “you can’t learn to solve problems by having someone

tell you to complete the square or to substitute sin u for y” (p. 466). And “[t]he biggest

fault of many students, even good ones, is that although they might be able to spout correct

statements of theorems, and remember correct proofs, they cannot give examples, construct

counterexamples, and solve special problems” (Halmos et al., 1975, p. 467).

As established previously, males, more than females, may be more likely have

the independent problem solving (a type of IRT) skills needed to succeed in math-intense

55



STEM fields. Also established previously, gender differences in performance (indicating

higher performance in males) among the top-scorers (thus presumably on the most difficult

problems; see Gallagher and De Lisi 1994; Gallagher et al. 2000) appears to be a predictor

of gender differences in participation in math-intense STEM fields.

Math-Efficacy While males tend to have higher math-efficacy than females (Schunk and

Pajares, 2001; Cheryan et al., 2016), the utility of (commonly used measures of) math-

efficacy for predicting gender differences in STEM participation is questionable. Indeed,

math-efficacy appears to be an inconsistent predictor of STEM participation and interest

(Cheryan et al., 2016; Ceci et al., 2009). Whereas some studies have found gender gaps in

math-efficacy predict gender gaps in STEM participation (Matskewich & Cheryan, 2016;

cited in Cheryan et al. 2016), others have not (e.g., Sikora and Pokropek 2012; Benbow

et al. 2000). Similar inconsistencies have been found regarding math-efficacy as a predictor

of STEM interest (Cheryan et al., 2016).

As explained previously, common measures of math-efficacy are limited in that

they are not task specific. In particular, measures of math-efficacy often refer to students’

confidence that they can do well on effort-based math outcomes (e.g., getting a good grade

in math class, or solving a procedural problem). Yet, as previously established, this type

of math-efficacy may be less relevant for math-intense STEM success than math-efficacy

which refers to solving problems independently (e.g., extending math concepts, thinking

abstractly).
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Insufficient Early Experience Both Ceci et al. (2009) and Cheryan et al. (2016) agree

that experiences play a role in female participation in math-intensive STEM fields. Specif-

ically, Cheryan et al. (2016) argue that because students are not required to take high

level math-intense STEM courses in high school, that females tend to opt out taking these

courses more so than males. If we assume math-intense STEM courses may be perceived

by students to be more challenging that alternative courses28, then course selection can be

characterized as academic risk taking (a type of IRT; ART). Recall ART has been opera-

tionally defined as selection of task difficulty (Clifford, 1988). It does not seem too far a

stretch to consider selection of course difficulty as ART also.

2.5 Measuring Risk Taking and Confidence

This section reviews literature on approaches and obstacles for measuring con-

fidence and IRT. Also discussed is how the new IRT instrument addresses limitations of

previous measures.

28There is some evidence to suggest math-intense STEM courses may be perceived to be more difficult.
First, a survey conducted by the PEW research center revealed that students test scores for math-intense
STEM subjects were lower than their scores for non-STEM subjects. There is also evidence students perceive
introductory physics to be highly difficult (Ornek et al., 2008). Consistent with this, a study conducted by
Durham university revealed that among 30 courses investigated, students perceived physics and chemistry
to be the most difficult, followed by Latin and math. And PISA (2003) reports that approximately half
of second year high school students perceive math courses to be difficult and worry they will not do well.
Lastly, a study conducted by the Korea Science Foundation reported that over 50% of students report they
dislike science and engineering courses because they are “difficult to understand” (Hemmo et al., 2008, p.
19).
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2.5.1 Measuring Confidence

This section discusses approaches to measuring, and evaluating the realism of, ret-

rospective item-specific confidence judgments. Such judgments are more generally referred

to as subjective probability judgments (Winkler and Murphy, 1968).

Types of Goodness

The calibration literature discusses two types of “goodness” in subjective proba-

bility judgments. Normative goodness is concerned with the extent to which the judgments

conform to probability axioms and match the judge’s true beliefs, and substantive goodness

is concerned with the extent to which the judgments match the judge’s knowledge in the

topic area in which the judgments are situated (Winkler and Murphy, 1968; Lichtenstein

et al., 1981). Normative goodness is often considered in research furthering the development

of theories of rational behavior, or in research agendas that involve training students to be-

come better decision makers. The relevance of normative goodness in investigating gender

differences in decision making corresponds to the notion that adolescent females tend to

be better decision makers than adolescent males (see section titled “Gender Differences in

Internal Factors Related to IRT: Brain Development during Adolescence”). In contrast,

substantive goodness is commonly of interest in meteorology research, which often involves

forecasters with differing levels of expertise. With regards to students’ confidence judgments

pertaining to math solution accuracy, the subjective goodness of these judgments depends

on students’ math knowledge, as well as their experience solving that type of problem.
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Lichtenstein et al. (1981) suggest a third type of goodness in probability judgments

is calibration. I argue this conceptualization of calibration (as a third type of goodness)

is confusing because of how calibration is evaluated in practice. Specifically, a person is

said to be calibrated if their “subjective probabilities are realized in terms of corresponding

relative frequencies” (Juslin, 1993, p. 56); therefore, one’s calibration depends on both

normative and subjective goodness. For this reason, I prefer Liberman and Tversky’s 1993

perspective of calibration as one of two main criteria (the second being resolution) often

used in practice to evaluate the realism of confidence judgments.

Evaluating the Realism of Confidence Judgments

In this section I describe criteria commonly used to evaluate the realism of confi-

dence judgments. Following this I discuss the methods for using this criteria for evaluating

confidence judgments.

Calibration Calibration refers to the extent to which a person’s confidence judgments

match their actual performance, and is evaluated using a frequentist perspective (Liberman

and Tversky, 1993; Juslin, 1993). Specifically, for all outcomes assigned a certain probability

of success, calibration is the extent to which the respective rate of success that occurs

matches that probability. If a person is well-calibrated, then solutions assigned a confidence

of 0.2, for example, should be correct 20% of the time, and solutions assigned a confidence

of 0.3, for example, should be correct 30% of the time, and so on.

Resolution Resolution (also referred to as discrimination) refers to one’s “ability to dis-

tinguish between events that do and do not occur” (Liberman and Tversky, 1993, p. 162).
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This is distinct from calibration because a person can be perfectly calibrated but have low

or high resolution. For example, if a person repeatedly reports confidence judgments of 0.5

probability of success, and it turns out that 50% of their solutions are correct, then that

person is perfectly calibrated, but with no resolution; because a confidence judgment of 0.5

provides no information as to whether the solution is correct or not.

Under/Overconfidence Confidence judgments are often evaluated with respect to the

extent one is under or over confident. Recall, for example, overconfidence can be due to

overestimation, overplacement, and overprecision (see section titled: “Confidence”). Over-

estimation, like calibration, depends on the “comparison of probability judgments with the

corresponding relative frequency of occurrence” (Liberman and Tversky, 1993, p. 162).

However, here we are concerned with not just how accurate one’s confidence in a certain

outcome is, but the extent to which their estimated probability that the outcome occurs

(i.e., confidence judgment) is higher or lower than is warranted by the outcome (e.g., their

performance).

Methods for Evaluating the Realism of Confidence Judgments

Two common methods for evaluating the realism of confidence judgments include

calibration curves and realism indices (aka, realism scores, calibration indices).

Calibration curves are helpful for “empirically demonstrat[ing] overconfidence in

the decision-making literature” (Stankov et al., 2009, p. 123). This approach is limited to

graphical representations of accuracy and overconfidence, but not resolution. In contrast,

realism indices are equipped to evaluate accuracy, overconfidence and resolution of confi-
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dence judgments (Boekaerts and Rozendaal, 2010). Another advantage of using realism

indices is they allow us to evaluate confidence judgments on an ordinal scale (Liberman and

Tversky, 1993). Descriptions and computations of the realism indices used in this disser-

tation (i.e., calibration and under/overconfidence are provided in section titled: “Methods:

Analysis”.

2.5.2 Measuring Risk Taking

Risk taking has been measured as both a personality trait (e.g., Zuckerman and

Neeb’s, 1979, Sensation Seeking Scale) as well as a context-dependent behavior (e.g., Kogan

and Wallach’s, 1964, Choice Dilemma Questionnaire); the latter approach operating under

the assumption that situational variables have a substantial impact on risk taking decisions.

However, because risk taking appears to depend on both person-centered (i.e., internal) and

situational (i.e., external) factors, a new approach to measuring risk taking is warranted.

Expectancy-value models (e.g., Wigfield and Eccles 2000), and socio-biological models, are

equipped to explain risk-taking; however, I am interested in a straight-forward approach

to measure risk taking. In this endeavor, I will first consider major assessment issues in

regards to measuring risk taking. Next I will review previous measures of IRT, noting their

limitations. Finally, I will introduce a new approach to measuring IRT, which addresses

limitations of previous approaches.

Major Assessment Issues

Byrnes et al. (1999) raise four major issues that should be considered when measur-

ing risk taking: (1) how we define the level of risk, (2) the role of ability, (3) restrictiveness
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of the definition of risk taking, and (4) the role of context. Pertaining to this fourth issue,

I argue a fifth issue is how well the measure of risk taking reflects a real-life situation.

Level of Risk Researchers have used different approaches in defining the level of risk.

A common, and more objective, approach is to define the level of risk as the level of

uncertainty from the perception of the greater community (i.e., probability of success, often

based on sample performance; see, for example, Clifford 1991; Atkinson 1957; Byrnes et al.

1999). Less common29, are more subjective definitions that are equipped to consider the

individual’s perceptions of the level of risk.

It is worthwhile to elaborate on the importance of this decision between defining

the level of risk from the perspective of the greater community versus the individual. Indeed,

these two perspectives can vary greatly. For example, if you drive recklessly, you may not

personally perceive you’re driving to be highly risky, but the greater community would.

The key question is: which perspective is more valid? The answer to this question

depends on the use of the instrument. In this dissertation, the validity of the instrument

depends on which perspective is more important for experiencing those benefits of moderate

IRT discussed previously. For some benefits, such as those important for cognitive devel-

opment, or for accessing a flow state, it is more important that the individual perceives

the challenge to be moderate. However, for other benefits, such as opportunities for strat-

29as evidenced by Byrnes et al.’s (1999) focus on the role of ability, as opposed to confidence judgments,
when summarizing the validity issues that speak to risk taking measures.
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egy attributions or for productive participation30, benefits can be experienced for moderate

challenge as perceived by the greater community.

The Role of Ability The second validity issue for skill-based, as opposed to chance-

based, measures of risk taking “is the relation between a person’s skill level and risk taking”

(Byrnes et al., 1999, p. 368). For example, a student with higher ability is expected to fail

less times than a student with a lower ability, thus impacting the probability of success.

Thus, if we are interested in risk taking from the perspective of the greater community,

ability should be controlled.

Controlling for ability, however, does not equip us to capture individual perceptions

of the level of risk (see previous section). Thus, it is important to decide if we care more

about actual or perceived levels of difficulty (speaks to validity).

Restrictiveness of the Definition of Risk Taking The third validity issue concerns

the standard definition of risk taking as “the implementation of options that could lead to

negative consequences” (Byrnes et al., 1999, p. 367); meaning any self-directed behavior

might classify as risk taking. For example, choosing not to share one’s answers in class (a

choice that is considered not engaging in IRT), is considered a risky decision according to

the standard definition, because it is a self-directed choice that involves possible negative

consequences (e.g., lower participation grade, missed learning experiences). Thus, it is

30Consider, for example, a student who solves a moderately challenging problem, and she is 90% sure her
solution is correct; so she decides to share it; thus, engaging in, as she perceives it, low IRT; but also, as the
greater community perceives it, moderate IRT. Say a peer critiques the student’s solution, which – and this
is key – is more likely for a moderately challenging, as opposed to easy, problem. Perhaps the student is now
50% sure her solution is correct. Now if the student’s initial estimation was 50% chance of success, she may
have been less inclined to engage in IRT. But, as Polya (1963) would point out, the student has committed
herself, and therefore may have increased motivation engage in, as the student perceives it, moderate IRT.
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critical to consider the level of risk in question, as well as the domain in which the risky

decision is situated.

The Role of Context The fourth validity issue that Byrnes et al. (1999) raises is that

the level of risk (from either the perceptions of the individual or the greater community)

depends on situational factors. For example, the level of risk that corresponds to sharing

one’s thinking with a group of friends is likely not the same as sharing one’s thinking with the

whole class. Particularly relevant to this dissertation is evidence of an interaction between

situational factors and gender on risk taking. In particular, that females’ IRT should be

higher for non-graded, relative to graded, tasks (e.g., Clifford and Chou 1991) speaks to the

importance of designing a measure of IRT that closely reflects what students actually do in

the classroom.

Laboratory vs. Real-Life A specific issue, pertaining to the role of context, is that risk

preferences tend to increase in hypothetical, as opposed to real-life, situations (Lafferty and

Higbee, 1974; Ettenson and Coughlin, 1982). Moreover, this trend may depend on gender.

Males, more than females, may want to be seen as risk takers; thus, gender differences in

risk taking (indicating greater risk taking in males) may be larger in laboratory (involving

hypothetical scenarios), as opposed to real-life, situations. When measuring IRT opera-

tionally defined as willingness to share one’s attempted solution to a math problem, this

validity issue speaks to the importance of having students who indicate they are willing to

share their solution actually share their solution.
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Measuring Intellectual Risk Taking

Previous Approaches Perhaps the most common operational definition of IRT is selec-

tion of task difficulty; which, according to Beghetto’s (2009) definition of IRT, is a specific

type of IRT commonly referred to as academic risk taking (ART). Measures of ART stemmed

from risk taking on objective exam (RTOOE) research, which was originally intended to

investigate the impact of guessing on test characteristics. However, these first measures

of ART that stemmed from RTOOE research were limited because they did not consider

the level of risk. To address this limitation, Clifford (1988) developed a new measure of

ART, for which task difficulty was both pre-defined31 and determined post-hoc via sample

performance. Items were presented in sequential order of difficulty (for which students were

made aware that the more difficult problems correspond to higher value of success) and

students were instructed to select a subset of items to solve. Additionally, Clifford (1988)

developed the School Failure Tolerance scale (sample item: “I feel terrible when I make a

mistake in school”), which was used, in part, to provide evidence of construct validity for

the ART measure. However, the ART measure developed by Clifford (1988) is limited for

use in education research because students typically do not get to choose which tasks to

work on. In addition, this measure informs students of the difficulty of the task.

A decade later, Miller and Byrnes (1997) developed a self-regulating model of

risk taking. According to the authors, this model includes five self-regulating factors that

impact a risk taker’s probability of success: (1) knowledge of strategies for succeeding,

31Tasks were drawn from the Iowa Test of Basic Skills, included both math and reading comprehension
items, were multiple choice, and varied in difficulty.
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(2) the ability to coordinate multiple objectives, (3) the ability to asses uncertainty32, (4)

self-correcting strategies, and (5) a tendency to learn from experience. Miller and Byrnes

(1997) gave students a set of risk taking scenarios and asked them how they would respond

given a low, moderate and high-risk option for each scenario. This measure was similar to

the ART measure developed by Clifford (1988) in that participants were asked to choose

the difficulty of the task. For example, a risk-taking spelling task from the SRM asked the

student to choose the difficultly of the word they would like to spell, and students were

informed that the number of points they would be awarded for correctly spelling the word

would increase with the level of difficulty. Similar to Clifford’s (1988) ART measure, the

SRM does not reflect well the types of IRT behavior students typically have opportunities

for in the classroom; because students are typically told, and therefore do not choose, which

words to spell. Additionally, the SRM is limited in that risk taking is viewed as a personality

trait, rather than a context-dependent behavior.

Consistent with the original intention of the RTOOE research (i.e., measuring,

what the authors term, ART as it pertains to guessing on multiple choice exams), Atkins

et al. (1991) developed the Ziller statistic. The Ziller statistic was designed to be an index of

risk taking on multiple choice tasks, and takes into consideration the number of alternative

choices, incorrect responses, and omissions. To investigate the validity of the Ziller statistic,

other statistics were considered, including the number of penalty marks (referred to as an

absolute measure of risk taking), and the total net penalty over the average achieved net

score (referred to as a relative measure of risk taking for a group – across 3 groupings

32In this dissertation, this factor is captured by assessing one’s calibration. The section titled: “Measuring
Confidence” discusses the calibration of confidence judgments. The section titled “Methods: Analysis:
Realism Indices: Calibration Index” describes how one’s level of calibration will be estimated.
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including gender, grade level and achievement level). However, these statistics provided

inconsistent results. For example, the relative and absolute measures of risk indicated

greater risk taking in females whereas the Ziller statistic indicated greater risk taking in

males. Perhaps one reason for these inconsistencies is that risk level (e.g., item difficulty)

was based on the number of alternative choices, and not the cognitive complexity of the

task; for which the latter but not the former is expected to influence gender differences in

IRT.

More recently, two scales have been developed for capturing IRT as it pertains to

a set of specific behaviors. These include (1) Beghetto’s (2009) IRT in math class scale

(IRT-MC; example item: “During math, I share my ideas even if I am not sure they are

correct”), and (2) the Patterns of Adaptive Learning Scales (PALS) Avoiding Novelty scale

(Midgley et al. 2000; example item: “I would choose math problems I knew I could do,

rather than those I haven’t done before”). A limitation of the IRT-MC is that some items

reflect risk taking in the intellectual domain, while others reflect risk taking in both the

intellectual and social domain. Moreover, the items of the IRT-MC (which are intended to

load onto a single factor) reflect at least three types of IRT: selection of challenging tasks,

solving problems in new ways, and sharing one’s thinking with others. Although Beghetto

(2009) performed a factor analysis on this construct, they did so along with three other

constructs (i.e., interest in science, creative efficacy in science, and perceptions of teacher

support). If these three other constructs were dropped, the loadings may reveal multiple

types of IRT. Additionally, the factor analysis was conducted using data collected from
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elementary students as it pertains to science class, therefore it is unclear whether the same

structure would hold for undergraduate students in math class.

Another limitation of both the IRT-MC and the PALS Avoiding Novelty scale

is the level of risk is not considered. To illustrate why this is problematic, consider, for

example, the IRT-MC item: “During math, I share my ideas even if I am not sure they

are correct”. A student who reports they strongly agree with the item, but is thinking of

an easy problem, is assuming less risk than a student who also reports they strongly agree,

but is thinking of a more difficult item. Without knowing the difficulty of the item, and

without knowing students’ level of uncertainty in their solution33, responses on this item

should not be used to make claims that some students are engaging in more or less IRT

than other students.

A final limitation of both the IRT-MC and the PALS Avoiding Novelty scale is the

items do not seem neutral. In other words, it seems clear which responses will be perceived

(by both the individual and others) as more desirable (e.g., trying new things seems more

desirable than not trying new things). This may result in self-report bias (e.g., students may

respond in a way they want to be perceived by others, or themselves) which, as previously

discussed, may be greater for males than for females.

Addressing Limitations of Previous Approaches Similar to some previous measures

of ART, the level of risk captured by the IRT-PSS can be determined objectively via ample

performance. However, unlike previous measures of IRT, the new IRT instrument also

considers participants’ confidence judgments (i.e., estimation of the probability of success).

33Note this latter piece is important only if we are interested in perceptions of the level of risk from the
individual, as opposed to the greater community.
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And students’ confidence judgments involve actions students probably undergo in a real

classroom setting before deciding whether they will share their thinking.

Another limitation of previous IRT measures (e.g., ART measures, select items

from the IRT scales) is they do not reflect what students typically do in the classroom;

either because the there are typically no opportunities for the type of IRT being measured

(e.g., selection of task difficulty), or because the measure captures laboratory, and not

real-life, risk taking. To address this limitation, I operationally defines IRT as sharing

one’s solution to a math problem, which is an IRT behavior that students commonly have

opportunities to engage in, and students who indicate they are willing to share their solution

will actually be called on to do so. This is similar to what students would do in a real

classroom setting (i.e., students typically raise their hands to indicate their willingness to

share, and then there is a chance they will be called on by their teacher). This approach

to measuring IRT also has an advantage over classroom observations. For the latter, when

students raise their hands to share, we cannot know what they plan to share (and thus we

cannot know the level of risk) unless they are called on. Because it is not feasible to call

on all students, and because students’ responses will likely change after hearing responses

from other students, the advantage of the IRT-PSS is clear. Furthermore, there are only two

major differences between the IRT behavior captured by the IRT-PSS and the corresponding

real-life situation which the IRT-PSS was designed to capture (i.e., students raising their

hands and subsequently being called on). The first difference (comparing the IRT-PSS with

real-life) is that students are writing down their willingness rather than raising their hand,
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and the second is that students are aware they will not be called on immediately after they

indicate their willingness.

Why Not Just Measure Motivation?

A limitation of measuring motivation, which Bandura (1997) repeatedly puts forth,

is that motives are inferred from the behaviors they are presumed to cause, thus leading to

problems of circularity. Circularity occurs when “the causes contain all that is contained

in the effect; the effect contains nothing that is not contained in the causes” (OED, 1970,

Vol. II, p. 116; cited in Lazarus and Folkman 1986). This can happen when variables

being associated are redundant, or when particulars of the variables are similar, and when

the measures of the variables reflect some other variable or process in common even when

items are not explicitly redundant (Lazarus and Folkman, 1986). Consider, for example,

that one’s behavior, which we may use to infer one’s prior motivation, could actually be

the cause of one’s future motivation, which could cause one’s future behavior, and this loop

could continue. Therefore, it is unclear which causes which.

Bandura’s (1997) critique of motivational approaches provides support for self-

efficacy approaches; as these, he argues, do not lead to circularity. To illustrate this,

Bandura (1997) provides an example stating: “[p]eople do not choose the goal of swimming

a treacherous body of water then wonder whether they have the swimming capabilities to

reach the opposite shore. Rather they tend to select proximal goals they judge to be with

their reach”(p. 136)34

34Considering whether this logic is consistent with decisions to engage in IRT brings up an interesting
notion that is related to the difference between adaptive and maladaptive risk taking, as well as to the level
of risk. While I agree with Bandura’s swimming example, I’m not sure the example fits as well with sharing
one’s solution to a math problem. Based on needs for competence (see section titled “Benefits of Intellectual
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To avoid circularity, this dissertation proposes an IRT instrument that first asks

students to report their confidence in solution (to a particular math problem) accuracy, fol-

lowed by their willingness to share the attempted solution, the latter being the measure of

IRT, which is an instance of goal-directed behavior. This approach reflects the process one

would undergo if they were deciding to engage in such behavior in a real classroom setting.

Furthermore, the item specificity of the confidence judgments elicited by the IRT-PSS is

advocated for by Bandura (1997); although, ironically, these task-specific confidence judg-

ments are distinct from common measures of math-efficacy, which, as explained previously,

are often at the classroom or subject level.

Risk Taking: Competence”) it is possible that students do not know if they are capable of correctly solving,
and then share their solution in order to learn whether they were capable.
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Chapter 3

Method

The purpose of this dissertation was to examine for gender differences in students’

(1) confidence judgments, and whether this confidence is warranted, and (2) reports of

intellectual risk taking (operationally defined as a willingness to share one’s solution to a

challenging math problem; IRT). A sub-purpose was to examine whether gender interacts

with problem difficulty to predict confidence and IRT.

3.1 Participants

This study analyzed data collected from 628 (349 female, 279 male) students en-

rolled in an undergraduate precalculus course from a public 4-year university located in

Southern California1. This study has been classified exempt from submission and review

with UCR IRB2.

1Undergraduate enrollment racial/ethnic breakdown of the school is 41.5% Hipanic or Latinx, 33.8%
Asian, 11% White, 3.4% International, 3.3% Black or African American, and 7% other.

2The UCR IRB defined the activity in this study to be analysis of de-identified secondary data. However,
the measure used to elicit the data in this study was developed prior to data collection. The professor who
used this measure did so for his own purposes, thus eliminating the need for participant consent.
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3.2 Tasks and Instruments

3.2.1 IRT in Problem Solution Sharing (IRT-PSS) Instrument

The IRT via Problem Solution Sharing (IRT-PSS) instrument is a new instru-

ment developed as part of this dissertation. The IRT-PSS assesses a type of IRT behavior

(i.e., willingness to share one’s solution to a challenging math problem) that students typ-

ically have the opportunity to engage in; and, because the instrument is task-specific, it

is equipped to capture the level of risk perceived by both the greater community, and the

individual. The instrument asks participants to solve problems of varying levels of diffi-

culty, indicate their level of confidence that they got the problem correct, and then choose

whether they would be willing to share with the class their attempted solution. In align-

ment with, Jacobson and Svetina (2019), who advocate for measures in which constructs of

interest are tied to the item level, the IRT-PSS ties problem solution accuracy, confidence,

and willingness to share to specific math problems.

Confidence in Math Task Solution Accuracy

For each math task, participants are asked to indicate their level of confidence

that their solution is correct by reporting any percent value ranging from 0% (completely

unconfident) to 100% (completely confident).
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Math Problems

The math problems used to elicit students’ confidence judgments and willingness to

share are provided in Appendix .33, and problem difficulty ranges from moderate to extreme.

Table 3.1 provides the difficulty of each problem. Problem difficulty was computed by

subtracting the percent of students who solved the problem correctly from 100. Computing

problem difficulty this way allows difficulty to be interpreted as a percent value, which

increases with decreasing sample performance. The problems provided in Table 1 are listed

in the order of difficulty level, with the hardest problems listed first, followed by the easier

problems. Problems (referred to as quizzes, with one problem per quiz) are provided in

Appendix .3.

Handling Missing Data

Participants who missed more than half (i.e., 7 or more) of the problem admin-

istrations were excluded from further analysis. For the remaining participants, missing

values for (1) solution accuracy, (2) confidence, and (2) willingness to share were replaced

with the mean of corresponding responses with similar difficulty, level of confidence, and

level willingness to share, respectively. This method necessitates that within each factor

interval (i.e., category; e.g., difficulty level interval, confidence level interval), participants

must have responded to at least one problem within that category. As such, participants

with all responses missing within at least one category, corresponding to at least one factor

3Because math problems were presented to student in a handwritten format, Appendix .3 provides prob-
lems in this same format. Moreover, the problems and solutions provided in Appendix .3 are exactly the
same as what was provided to the teaching assistants for grading students’ solutions.
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Table 3.1: Problem Difficulty

Problem % Correct Difficulty (100 -% Correct)

5 8.25 91.75

7 8.69 91.31

11 9.69 90.31

12 13.88 86.12

3 22.7 77.30

4 25.57 74.43

13 28.22 71.78

10 30.15 69.85

1 42.21 57.79

6 43.52 56.48

8 62.02 37.98

2 67.12 32.88

9 67.28 32.72
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(i.e., solution accuracy, willingness to share, and confidence), were excluded from further

analysis. Choosing to handle missing data in this way was to avoid potentially increasing

the measurement error as a result of missing value imputation (Cheema, 2014).

Validity and Reliability

Validity and reliability of the IRT-PSS are discussed in Appendix .4 and Ap-

pendix .5, respectively. Methods are proposed for evaluating validity and reliability; though

not all methods proposed will be administered. Methods that will not be administered are

discussed in the section titled “Limitations and Future Work”.

3.3 Procedure

Participant involvement was based on enrollment in a college precalculus course.

Problems eliciting students’ confidence and IRT were administered at the end of lecture (1

problem per lecture) for a total of 13 lectures, and students were awarded extra credit for

correct solutions. Each problem was projected on a large screen, and students submitted

their answers electronically. Each problem was referred to as a quiz with three parts. The

first part was to solve the problem which was always displayed following the number 1, since

there was only one problem per quiz, and only one quiz per lecture. Following the problem

were the numbers 2 and 3, each followed by blanks. For number 2, students were informed

they should indicate their confidence in their solution accuracy by responding a number from

0 to 100, where 0 represents 0%, or absolutely no, confidence, and 100 represents 100%,

or complete, confidence. For number 3, students were informed they should indicate their
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willingness to share their solution to the problem by responding either “Y” or “N”, where

“Y” is yes, willing to share in discussion, and “N” is no, not willing to share in discussion.

Students were informed that if they report they are willing to share their solution, they

may be called on to do so during discussion section.

3.4 Data Analysis

Data collected from administering the IRT-PSS were analyzed using two random

effects models4; the first of which was used to predict confidence as a function of gender

and problem difficulty, including the gender by problem difficulty interaction. The second

model, a logit binary outcome model, was used to predict willingness to share as a function

of gender and problem difficulty, including the gender by problem difficulty interaction.

In both models, solution accuracy (i.e., whether or not students’ solutions were correct),

was controlled. In the second model, which predicted willingness to share, confidence was

controlled in order to account for the level of risk the individual perceives when deciding

whether or not to share.

3.4.1 Logit Model for Predicting Willingness to Share

Compared to an ordinary least squares regression model, y = x′β + e, a binary

outcome model estimates the probability that y=1 given the independent variables (shown

in Equation 1).

4It was necessary to use a random effects model, rather than a fixed effects model, because gender, a
variable of interest in this study, is time-invariant and thus cannot be estimated using the fixed effects
model. However, not including the fixed effects (i.e., the effects of the time-invariant variables which are not
explicitly measured), introduces omitted variable bias if the fixed effects are related to the other explanatory
variables. This limitation is discussed further in the section titled “Limitations and Future Work”.
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ρ = pr[y = 1|x] = F (x′β) (3.1)

For the logit model, F (x′β) is the cumulative density function of the logistic dis-

tribution (shown in Equation 2)

F (x′β) =
ex

′β

1 + ex′β
(3.2)

To aid interpretation, marginal effects were evaluated using the average of the indi-

vidual marginal effects, rather than estimating marginal effects at the mean (i.e., estimated

for the average person in the sample). In particular, because a variable of interest in this

study is gender, and because this variable is treated as binary, it is difficult to interpret the

marginal effect at the mean. Consider, for example, a sample with 10 males and 10 females,

for which the average gender is 0.5; this means the average person is 50% female, yet there

is no such person represented in the sample.

To evaluate the fit of the logit model, the percent of correctly predicted probabil-

ities was computed. This was done by first assigning the predicted probabilities either a

probability of 0 or a 1 using a cutoff of 0.5. For example, if the predicted probability is 0.45,

then this would be assigned a probability of 0. Next, the sum of the true predictions (i.e., a

predicted probability of 0 corresponds to the actual response that a student is not willing to

share, and a predicted probability of 1 corresponds to the actual response that the student

is willing to share) was computed. The percent of correctly predicted probabilities is the

proportion of true predictions to total predictions.
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The fit of the model was also evaluated using the pseudo R2 (also referred to as

the McFadden’s R2) statistic, which was computed using equation 3.

R2 = 1− Lur
Lr

(3.3)

where:

Lur = the unrestricted log-likelihood of the model

Lr = the restricted log-likelihood of the model

In the restricted model, only the intercept is included, meaning the coefficients

are restricted to zero. From equation 3, it can be seen that if the coefficients have no

explanatory power, the McFadden’s R2 becomes zero. The interpretation of McFadden’s R2

is, in a sense, similar to that of the traditional R2, but it is not quite the same thing. Instead

of considering the ratio of variation due to the model to the total variation, McFadden’s R2

is computed by considering the ratio of the likelihoods of the two models (i.e., the intercept,

or unrestricted, model, and the restricted, or full, model). In this way, McFadden’s R2

represents the improvement of the restricted (full) model when compared to the unrestricted

(intercept) model.

3.4.2 Realism Indices

The following indices were computed for examining the realism of students’ con-

fidence judgments: a calibration index, an over/underconfidence index, and a resolution

index. These indices are partitions of the Brier score, which is a measure of the accuracy

of confidence judgments Murphy 1973. The Brier score is given in equation 4.
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Brier Score =
1

N

N∑
n=1

(fn − dn)2 (3.4)

where:

N = the number of cases which include both a confidence judgment and an outcome

fn = the nth confidence judgment

dn = the nth outcome

Murphy (1973) showed that for confidence judgments which can assume only a

finite set of values, the Brier score can be partitioned into both an index of calibration (CI)

and resolution (RI), as shown in equations 5 and 6.

1

N

N∑
n=1

(fn − dn)2 = d(1− d)− 1

N

J∑
j=1

Nj(dj − d)2 +
1

N

J∑
j=1

Nj(fj − dj)2 (3.5)

Brier Score = V ar(d)−RI + CI (3.6)

where:

J = the number of judgment categories on a response scale

V ar(d) = the variance of outcome variable (d)

Calibration Index

The calibration index is a measure of the extent to which confidence judgments

match the relative frequency of occurrence of the actual outcomes the judgments pertain

to, and can range from 0 (perfect calibration) to 1 (no calibration). The calibration index
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was computed using equation 7, which is an adaption of Murphy’s (1973) partition of the

CI to the case where only one response per item is scored Lichtenstein et al. 1981.

CI =
1

N

T∑
t=1

nt(ρt − ct)2 (3.7)

where:

N = the number of problems for each difficulty level (Low Difficulty, N = 9; High

Difficulty, N = 9)

t = the category of the response scale (i.e., category 1, 2, ..., 11)

nt = the number of confidence ratings that correspond to category t

ρt = the mean confidence rating for category t

ct = the proportion of correct responses in category t

Over/Underconfidence Index

The over/underconfidence (O/U) index is a measure of the tendency, on average,

to report a higher or lower confidence of correct solutions, given whether the solutions

were actually correct. The O/U index ranges from -1 (complete underconfidence) to +1

(complete overconfidence) and was computed using equation 8. Equation 8 is the same

equation for the CI (i.e., equation 7), except the differences are not squared.

UOI =
1

N

T∑
t=1

nt(ρt − ct) (3.8)
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Chapter 4

Results

Analyses were conducted using MATLAB version R2020a and STATA version 15.1.

4.1 Relations among Confidence, Calibration, Willingness to

Share, Problem Difficulty, and Gender

Table 4.1 provides descriptive data for the confidence measure, the two dichoto-

mous measures (i.e., solution correct or not, and willing to share or not), as well as the

estimated realism indices (i.e., the calibration and under/over-confidence indices). Ta-

ble 4.2 provides the Pearson correlations between the factors elicited by the IRT-PSS, the

realism indices, problem difficulty1, and gender (reference group = males). Following Co-

hen’s (1998) conventions, being female, compared to male, was weakly negatively correlated

with confidence, willingness to share, and both realism indices (i.e., under/over-confidence

1Note that correlations could not be estimated between problem difficulty (a purely problem-level fac-
tor) and the two realism indices; because the indices, like gender, are person-level, and not problem-level,
estimates.

82



Table 4.1: Descriptive Statistics

Variable M SD skewness kurtosis min max

Confidence 52.83 35.06 -0.18 1.67 0 100

Calibration 0.14 0.10 1.71 7.78 0 0.78

Under/Over-confidence 0.20 0.19 0.00 4.02 -0.70 0.88

Dichotomous Variables

Correct 0.33 0.46 0 1

Willing to Share 0.34 0.47 0 1

and calibration; where the latter speaks to the accuracy of the confidence judgments). Un-

surprising is the strong negative correlation between problem difficulty and (1) having a

correct solution, and (2) confidence in the correctness of the solution. Lastly, there was a

weak negative correlation between problem difficulty and willingness to share.

T-tests were conducted to examine for gender differences on the (1) factors mea-

sured by the IRT-PSS, and (2) realism indices computed from students’ confidence judg-

ments and solution accuracy data. Results (presented in Table 4.3) show males and females

performed similarly on the math problems, however males, compared to females, tended

to be (1) more confident that their solutions were correct (t = 10.08, p < .001) and (2)

more likely to share their solution (t = 10.92, p < .001). Additionally, females, compared
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Table 4.2: Correlations

Variable 1 2 3 4 5 6 7

Female 1.00

Correct -0.01 1.00

Confidence -0.11*** 0.41*** 1.00

Willing to Share -0.12*** 0.25*** 0.46*** 1.00

Calibration -0.11*** -0.11*** 0.23*** 0.11*** 1.00

Under/Overconfidence -0.19*** -0.15*** 0.34*** 0.15*** 0.69*** 1.00

Difficulty 0.00 -0.45*** -0.38*** -0.18*** 0.00 0.00 1.00

Note. *p < .05. **p < .01. ***p < .001.

to males, were more calibrated2 (t = 10.02, p < .001) and less overconfident3 (t = 17.01, p

< .001).

T-tests were conducted to examine for gender differences in calibration and un-

der/overconfidence. The t-tests were conducted for easier and harder problems separately

to get a sense of whether the gender differences in calibration and under/overconfidence

depended on problem difficulty. Only two difficulty levels (i.e., easier problems and harder

problems) were used because estimating students’ calibration and under/overconfidence re-

quires multiple problems; thus we had to lose precision in the measure of difficulty in order

to enable estimation of the realism indices. Table 4.4 presents results of the t-tests for the

calibration indices for easier and harder problems, separately. Analyses revealed females,

2C-Index ranges from 0 (perfect calibration) to 1 (zero calibration).
3U/O-Index ranges from -1 (complete under-confidence) to 1 (complete overconfidence).
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Table 4.3: Results of T-Tests Examining for Gender Differences Across All Measures
(N=628)

Males Females

Measure M SD M SD t

Correct 0.33 0.46 0.33 0.46 0.73

Confidence 57.18 35.11 52.83 35.06 10.08***

Willing to Share 0.40 0.49 0.29 0.45 10.92***

Calibration 0.16 0.11 0.13 0.10 10.02***

Under/Overconfidence 0.24 0.18 0.17 0.20 17.01***

Note. *p < .05. **p < .01. ***p < .001.

compared to males, had significantly higher calibration (i.e., a lower calibration index), for

harder problems (t = 2.99, p < .001), but not for easier problems. However, males, com-

pared to females, had a significantly higher under/overconfidence index for both easier (t

= 5.34, p < .001) and harder (t = 2.41, p < .01) problems.

Figure 4.1 shows the distribution, by gender, of the calibration index for easier and

harder problems separately. From the graphs we see the gender gap in the mean calibration

index is much smaller for easier than harder problems. Figure 4.2 shows the distribution,

by gender, of the calibration index for easier and harder problems separately. From the

graphs we see the transition from easier to harder problems is accompanied by a transition

from under- to over-confidence for all students, but especially for females.
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Figure 4.1: Distribution of the Calibration Index by Gender, for Easier and Harder Problems
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Figure 4.2: Distribution of the Under/Over-confidence Index by Gender, for Easier and
Harder Problems
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Table 4.4: Results of T-Tests Examining for Gender Differences in Calibration and Un-
der/Overconfidence for Easier and Harder Problems (N=628)

Males Females

Measure M SD M SD t

Easier Problems

Calibration 0.16 0.12 0.15 0.13 1.57

Under/Overconfidence 0.20 0.20 0.11 0.23 5.34***

Harder Problems

Calibration 0.22 0.18 0.18 0.15 2.99**

Under/Over Confidence 0.28 0.23 0.24 0.23 2.41**

Note. *p < .05. **p < .01. ***p < .001.

4.2 Random-Effects Model for Predicting Confidence

A random-effects model (shown in Table 4.5) was used to examine whether gen-

der interacts with problem difficulty to explain confidence. The analysis revealed that,

after controlling for whether not students’ solutions were correct, being female, compared

to male, results in a 12% decrease in predicted confidence, ps < .001. We also found a

significant interaction between gender and problem difficulty, ps < .05. Specifically, for

every 1% increase in problem difficulty, predicted confidence increases by 0.07% for females

compared to males. This means that as problem difficulty increased, although all students’

confidence decreased (as expected), and although males always tended to be more confident

than females (also as expected), the gap between males’ and females’ confidence decreased.

Regarding model fit, 23% of the variance in students’ confidence judgments can be explained
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Table 4.5: Summary of Random-Effects Regression Analysis for Variables Predicting Stu-
dents’ Confidence in Solution Accuracy (N = 628)

Variable B SE

Intercept 82.89*** 1.89

Correct 19.17*** 0.76

Female -12.29*** 2.32

Difficulty -0.48*** 0.02

Female x Difficulty 0.07* 0.03

R2 0.23

Wald χ2 2732.90***

Note. *p < .05. **p < .01. ***p < .01.

by the dependent variables (R2 = 0.23). Additionally, including the dependent variables

in the model resulted in a statistically significant improvement over the null hypothesis

that these variables are equal to zero (Wald χ2=2732.90, p<.001). A graph depicting the

relation between gender, problem difficulty, and confidence is shown in Figure 4.3.

In sum, after accounting for the variance contributed by whether or not students

got the math problems correct, gender and problem difficulty both contribute and interact

to explain students’ confidence in their solution accuracy.
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Figure 4.3: Graph Depicting Relation Between Gender, Problem Difficulty, and Confidence
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4.3 Tests of First (Marginal Effects) and Second Differences

for Examining the Gender × Problem Difficulty Interac-

tion Effect on the Predicted Probability of being Under-

Confident

Table 4.6 shows the predicted probability of being under-confident for males solving

both easier and harder problems, and then for females solving easier and harder problems,

as well as tests of first (i.e., marginal effects) and second differences. The results show a sig-

nificant decrease in females’, but not males’, predicted probability of being under-confident

for easier problems (0.295), compared to harder problems (0.135; ∆=0.160; p<.001). The

effect of problem difficulty – with under-confidence being more likely for easier problems

(though this trend was not significant for males) – is larger for females than males (second

difference 0.032-0.160=-0.128; p<.001).

To examine the other side of the gender × problem difficulty interaction, we tested

whether the marginal effects for females compared to males, estimated for easier (first dif-

ference 0.295-0.136=0.159, p<.001) and harder (first difference 0.135-0.104 = 0.031, p=NS)

separately, were equal. Results revealed the effect of gender – with under-confidence be-

ing more likely for females (though this gender difference was not significant for harder

problems) – is greater for easier, compared to harder, problems (second difference 0.159-

0.031=0.128, p<.001).
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Table 4.6: Probability of being under-confident by gender and problem difficulty with test
of interaction effect (N=628)

Pr(Under-Confident) 1st Differences 2nd Difference

Males Solving Easier Problems 0.136

(0.021) 0.136-0.104=

Males Solving Harder Problems 0.104 0.032

(0.018) 0.032-0.160=

Females Solving Easier Problems 0.295 -0.128***

(0.024) 0.295-0.135=

Females Solving Harder Problems 0.135 0.160***

(0.018)

Notes. Standard errors of the predictions in parentheses. *p < .05. **p < .01 ***p < .001.

4.4 Random-Effects Logit Model for Predicting Willingness

to Share

A random-effects logit model (shown in Table 4.7; AME = Average Marginal Ef-

fect) was used to examine the role of gender and problem difficulty in students’ willingness to

share their solutions to math problems, after controlling for (1) confidence and (2) whether

or not students’ solutions were correct. Confidence was controlled in order to capture gen-

der differences in willingness to share (a type of IRT behavior) where the level of risk is

perceived from the individual, as opposed to the greater community. Analyses revealed that

after controlling for confidence and whether or not students’ solutions are correct, females’

predicted probability of sharing is 7% less than males (AME = -0.071, p < 0.01); and,
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for every 1% increase in problem difficulty, holding all else constant, students’ predicted

probability of sharing decreases by 1% (AME = -0.001, p < 0.001).

Although we include the gender × difficulty product term in the model4, this

alone cannot tell us about the sign, or statistical significance, of the gender × difficulty

interaction on the predicted probability in a logit model (Mize, 2019). Consequently, we

used tests of second differences to examine whether the gender × difficulty was significant.

Specifically, we tested whether the marginal effects, estimated for both males and females

for 10% increments of problem difficulty, were equal for males compared to females. Results

revealed the effect of problem difficulty was the same for males and females (e.g., second

difference for problem difficulty set to 0% and 10% : -0.007- -0.007=0.000; p=NS). To

examine whether this trend was consistent as problem difficulty increased, we examined the

difference in the marginal effects for males and females, estimated at increasing levels of

difficulty, and found similar results (i.e., the effect of problem difficulty on willingness to

share did not differ depending on gender) for these higher difficulty levels.

The Mckelvey & Zavonia’s R2 of 0.25 indicates that 25% of the variation in will-

ingness to share can be explained by the dependent variables5. Goodness of fit of the model

was examined by looking at the percent of correctly predicted values (i.e., the proportion of

4Mize (2019) recommends always including the product term in logit models, regardless of whether it is
statistically significant.

5The interpretation of Mckelvey & Zavonia’s R2 is similar to that of the traditional R2, but it is not quite
the same. Mckelvey & Zavonia’s R2 is the ratio of the variance in predicted willingness to share (except
instead of this term being the actual prediction, it is a continuous latent variable which underlies the observed
willingness to share) to the sum of the variance in predicted willingness to share (i.e., underlying continuous
latent variable) and the error. Because the predicted continuous latent variable underlying willingness to
share is not observed (since only the binary outcomes willing to share or not willing to share, are observed)
the variance of the error cannot be computed. Instead the error term is assumed to be π2/3 (UCLA:
Statistical Consulting Group, 2011).
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Table 4.7: Summary of Logit Model Analysis for Predicting Students’ Willingness to Share
as a Function of Gender, Confidence, and Solution Accuracy (N=628)

Variable B AME

Intercept -3.88*** (0.341)

Confidence 0.05*** (0.002) 0.005*** (0.000)

Correct 0.49*** (0.102) 0.041*** (0.009)

Difficulty -0.01* (0.003) -0.001*** (0.000)

Female -0.76* (0.381) -0.071** (0.024)

Female × Difficulty -0.001(0.004)

McKelvey & Zavonia’s R2 0.25

% Correctly Predicted Values 75.04

Notes. Numbers in parentheses are standard errors. *p < .05. **p < .01. ***p < .01.

true predictions to total predictions)6. From Table 4.7 we see that 75.04% of the predictions

were correct which indicates adequate model fit (Katchova, 2013).

In sum, after controlling for whether or not students’ solutions were correct, as

well as students’ confidence in their solution accuracy, both problem difficulty and gender

contributed to explain students’ willingness to share, where gender was the much stronger

contributor. Furthermore, gender differences in willingness to share did not depend on

problem difficulty.

6The percent of correctly predicted values is computed by setting all predicted probabilities greater than
0.5 to 1 and setting all predicted probabilities less than 0.5 to zero, and then counting the predictions that
match the actual observation and dividing this sum by the total number of observations.
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Chapter 5

Discussion

When examining gender differences in math education outcomes, often the specific

task which elicits such outcomes is not considered (e.g., Lundeberg et al. 1992). This is

unfortunate because gender differences in problem solving skills (e.g., Fennema et al. 1998a;

Gallagher and De Lisi 1994) and of gender differences in performance among primarily top-

scorers (e.g., Ceci et al. 2009) point to the importance of considering the type, or difficulty,

of the math problem students are solving when investigating gender differences in math

education outcomes. Indeed, our results reveal that problem difficulty is important for

gender differences in confidence, as well as the realism of the confidence judgments, but,

interestingly, not willingness to share.

5.1 Gender Differences in Confidence

Consistent with previous research (e.g., Lundeberg et al. 1994; Jones and Jones

1989), we found that males tended to report higher confidence in their solutions to difficult
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math problems, even after controlling for whether or not students’ solutions were correct.

However, unlike Lundeberg et al. (1994), and expanding on the work of Jones and Jones

(1989) – who looked at just 1 familiar and 1 unfamiliar math problem – this study examined

whether gender differences in confidence depended on problem difficulty for a total of 13

moderately, very, and extremely difficult math problems. Although a significant gender ×

problem difficulty emerged, what is more striking is the trend that emerged. Specifically,

as problem difficulty increased, the gender gap in confidence decreased. This has important

implications for policies that may otherwise promote reducing the challenge in math classes

for promoting gender equity to math-intense pathways. Specifically, if the objective is to

narrow the gender gap in confidence, it may be that increasing, rather than decreasing, the

challenge is the better approach.

It is unclear, however, why the gender gap, favoring males, in confidence decreased

with problem difficulty. Future work may want to examine whether this gap decreases

due to something that changes for males, or something that changes for females, or both.

As a start, our findings begin to reveal what changes for males, and what changes for

females, in terms of normative aspects of the confidence judgments. Specifically, although

over -confidence increased with increasing problem difficulty for both males and females1,

the transition from easier to harder problems was also accompanied by a transition from

under- to over-confidence, but for females only; presumably because of the greater degree

of under-confidence among females, compared to males, for easier problems; thus, there was

more room for improvement, so to speak. Furthermore, the reduction in under-confidence

1Over-confidence should not be confused with overall confidence. To be clear, as problem difficulty
increased, overall confidence decreased and over -confidence increased, regardless of gender.
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when transitioning from easier to harder problems was accompanied by an increase in over-

confidence, for all students, but especially for females.

Implications of this trend (i.e., the transition from under to over-confidence – for

females only – accompanying the transition from easier to harder problems) depend on

whether we value under- or over-confidence more. This will depend on the context. For

example, if one is designing a plane, then confidence judgments corresponding to whether

the plan can fly (or, more relevant, corresponding to math problem solutions which support

inferences that a plane can fly) should err more on being under-, rather than over-, confi-

dent. However, if we consider that over-confidence has benefits for ambition, persistence,

and morale (Ring et al., 2016), then perhaps over-confidence is preferred. More generally, if

the goal is to reduce the gender gap in calibration (for which females were more calibrated,

particularly for harder problems2), then decreasing the challenge may be the better ap-

proach. Doing so would help males in this regard, more so than females; although, based on

the findings in this study, both groups’ calibration would increase with decreasing challenge.

However, if the objective is to reduce under-confidence among students, but particularly

among females, then increasing challenge may be the better approach.

This trend that females (but not males) were more likely to be under-confident in

their performance on easier, compared to harder, problems, may be explained, at least to

some extend, by the hard-easy effect. The hard-easy effect is a commonly observed trend in

which people tend to overestimate the accuracy of their solutions to harder, relative to easier,

problems (Juslin, 1993). Thus, if males are more over-confident than females for both easier

2Gender differences in calibration (where females had higher calibration) were only marginally significant
for easier problems.
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and harder problems, then as over-confidence decreases with decreasing difficulty, it is not

surprising that males became more calibrated, while females became more under-confident.

The trend that gender differences in over-confidence decreased with increasing

problem difficulty appears consistent with the work of Jones and Jones (1989) who found

that, among a sample of lower and higher performing males and females, it was only the

lower performing females who were more overconfident on less familiar problems, compared

to familiar problems; whereas the reverse trend was observed for higher performing females;

and among males, there was no interaction between familiarity and performance level. As

explained previously, the students participating in the present study can be considered lower

performing, compared to most math-intense STEM majors; and although problem difficulty

is not the same as problem familiarity, both measures are indicators of the problem’s level

of challenge. However, the work of Jones and Jones (1989) differed from our study in

that confidence was measured before, rather than after, task completion. Additionally,

the study conducted by Jones and Jones (1989) only involved four problems, two of which

were science problems, leaving only two math problems. Thus, only two problems were

available to manipulate math problem difficulty (i.e., level of familiarity). This is a major

limitation when examining under/over-confidence, because estimating this index requires

several confidence judgements; since a single confidence judgment is not verifiable, with the

exception of judgments of 0% or 100% confident. Thus, it appears further research is needed

to confirm this trend that increasing difficulty results in a greater increase in over-confidence

among females, compared to males, among lower performing students, and to see whether

this trend differs for higher performing students.
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5.2 Gender Differences in Willingness to Share

As expected, males were more likely than females to report they were willing to

share their solution (a type of IRT behavior) even after controlling for (1) whether or not

students’ solutions were correct and (2) students’ confidence in their solution accuracy.

Interestingly a gender × problem difficulty interaction did not emerge. Males were always

more likely to share their solution than females, and this gap did not depend on problem

difficulty. Again this finding has important implications for education agendas that may

otherwise advocate for reducing the level of challenge in order to promote gender equity

in math; because, regardless of the level of difficulty, the gender gap in IRT remained the

same.

To our knowledge, no other study that has identified this particular gender gap,

that males are more likely than females to choose to share solutions to challenging math

problems. If males are more willing to share their solution in math, this suggests males

may have a greater voice in contributing to powerful technologies produced by math-intense

STEM fields; a notable problem considering gender differences in moral and ethical decision-

making may exist (e.g., Miller and Wai 2015; Dawson 1995; Rothbart et al. 1986).

5.3 No Gender Differences in Math Performance

A promising finding was there were virtually no gender differences in math per-

formance, regardless of problem difficulty. In discussing this finding, and the trends that

emerged among males and females to explain confidence and willingness to share, it is

worthwhile to consider the literature on stereotype threat and gender differences in math.
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According to this literature, negative stereotypes about females’ ability in math may result

in females experiencing stereotype threat which can lead to lower math performance (e.g.,

Quinn and Spencer 2001). Moreover, stereotype threat has been found to increase with

increasing challenge (e.g., Penner 2003). Thus, at first glance, the finding in this study that

there were no gender differences in math performance seems to conflict with the stereotype

threat literature. However, this finding may make more sense when we consider that the

salience of stereotype threat depends on the strength with which one identifies with the

threatened domain (Steele, 1997). It follows that if students do not identify with math

(e.g., they do not plan to become a professional in a math-intensive field, or they do not

value being good at math), then any negative stereotypes about their ability in math will

not result in a salient stereotype threat. Because the students in this study are enrolled

in precalculus, a course which can be considered a remedial math course (particularly for

math-intense STEM majors; because most math-intense STEM majors begin undergradu-

ate math education with calculus), it may be the case that the majority of the students in

this study do not highly identify with math. If this is true, the findings in this study appear

consistent with literature on stereotype threat and gender differences in math.

Note that although stereotype threat is often discussed in regards to gender dif-

ferences in math performance, the idea that the students in this study may not have highly

identified with math may also shed light as to why gender differences, favoring males, in

confidence and willingness to share did not increase with increasing problem difficulty. How-

ever, because we do not know how highly the students in this study identify with math,
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future research may want to investigate whether outcomes would be different among STEM

majors with higher levels of math skills.

5.4 Conclusions

In conclusion, this dissertation emphasizes the importance of linking gender dif-

ferences in math education outcomes to the specific problems students are asked to solve.

In particular, our findings suggest the gender gap, favoring males, in confidence – but not

willingness to share – decreases with increasing problem difficulty. Furthermore, a signifi-

cant transition from under- to over-confidence, for females, but not males, accompanied the

transition from easier to harder problems. Future work should examine whether increasing

math problem difficulty results in a greater confidence, and a greater transition from under-

to over-confidence, for females, compared to males.

5.5 Implications

We argue that to contribute in math-intense STEM fields means to be (1) confi-

dent and (2) willing to share solutions to challenging math problems. Consequently, our

finding that males tended to be more confident and more likely to share than females, for

moderately, very and extremely difficult math problems, is cause for concern. Promising,

however, is the gender × difficulty interaction that emerged to predict confidence; suggest-

ing that rather than decrease the challenge to promote gender equity in math, we may want

to consider increasing the challenge. However, our findings reveal a potential drawback to

increasing the challenge. Specifically, as problem difficulty increased, students’ calibration
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decreased, and this was especially true for males. This drawback is especially important to

consider in situations where accurate confidence judgments are more important than high

confidence judgments. Finally, that there were virtually no gender differences in perfor-

mance on the challenging math problems – including extremely difficult math problems –

suggests, at least for these students, that stereotype threat, if it was present, had a negligi-

ble impact on females’ math performance; thus implying that, at least for some students,

we may not need to worry about this potential drawback when deciding whether to increase

the challenge in math.
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Chapter 6

Limitations and Future Work

6.1 Research Design

The non-experimental design is not equipped for examining causal claims. Future

work could experimentally1 investigate the impact of problem difficulty, along with other

external factors (e.g., teacher expectations/practices, work methods autonomy, etc.) on

gender differences in confidence and willingness to share solutions in math class.

Future work should investigate the impact of additional personal factors on IRT.

While this dissertation focuses on the internal factor confidence, which speaks to the level of

risk (because, as a first step, the focus is on measuring whether there are gender differences

in IRT), if it is found there is a gender gap in IRT, future work should investigate the

relationship between other personal factors and IRT in order to explain why this gap occurs.

To better understand the roots of gender differences in IRT, qualitative methods

(ethnographic study, interviews, observations, focus groups) could provide a deeper under-

1Note this cannot be a full experiment because I cannot manipulate gender. Additionally it is impractical
to randomly assign students to the treatment and control groups.
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standing of why this gap occurs within a particular context. However, using these methods

usually limits the number of cases that can be investigated; meaning the sample is less likely

to be representative of the population of interest. In contrast, statistical methods/inferences

deal with probabilities, and can be done with a larger number of cases; meaning the sample

is more likely to be representative of the population of interest.

6.1.1 Sample

Representativeness of the sample is limited to students enrolled in a college pre-

calculus class. This implies these students do not represent the highest achieving students

in terms of course placement; because, most high achieving students begin college math

with calculus. This is a problem because previous literature suggests gender differences in

math performance (e.g., Ceci, 2009), confidence (e.g., Lundeberg et al. 2000, Jones and

Jones 1989), and potentially IRT (see, for example, Fennema et al. 1998b, and She 2010),

is greatest amongst the highest math achieving students. Moreover, it is the highest math

achieving students that are most likely to participate in math-intense STEM fields (Ceci

et al., 2009).

All students in this study were in the same course taught by the same professor.

Thus, generalizability of the results can be increased by recruiting professors from different

contexts. Examples include professors whose practices range from more traditional to more

inquiry-based styles, whose goals range from performance to task goals, and who teach

classes geared toward higher (as well as very low – e.g., professors teaching college Algebra)

achieving students.
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Lastly, information on students’ race/ethnicity was not obtained. Future work

should investigate gender differences in confidence and IRT via an intersectional (with

respect to race/ethnicity) approach.

6.2 IRT-PSS

One limitation is that the IRT-PSS is not well equipped to distinguish between

students sharing independent solutions (a type of IRT in math, particularly relevant to the

problem of female under-representation in STEM) and students sharing teacher-taught so-

lutions. Although the more difficult problems will provide more opportunities for students

to come up with independent solutions, and although independent solutions may be cap-

tured via students’ work, this only provides some information to indicate whether students

are engaging in this form of IRT (i.e., independent problem solving) or not. This means

that two students with the same level of IRT-PSS measured IRT (operationally defined as

willingness to share attempted solutions) could engage in different levels of another type of

IRT (i.e., independent problem solving). However, a willingness to share solutions to mod-

erately difficult and complex math problems is presumably positively related to an increase

in opportunities (and intrinsic motivation) for engaging independent problem solving.

6.2.1 Level of Risk

The IRT-PSS is limited in that determining the level of risk (from both the ob-

jective and subjective perspectives) involves determining the probability of success; yet this

probability of success refers only to the probability the problem solution is correct, and does
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not consider the probability the student will actually share. Specifically, if one is unable

to share (because, for example, they were not one of the students selected), then they can

neither succeed nor fail in this regard; meaning the probability of failure and probability

of success (where failure is sharing an incorrect solution, and success is sharing a correct

solution) will sum to less than 1.0 if the probability of sharing is less than 1.0. It may be

worthwhile for future work to explore ways to capture the probability of success of sharing

a correct solution to a math problem when determining the level of risk when administering

the IRT-PSS.

The extent to which this limitation is problematic in this study depends on whether

there are differences in the ways males and females consider the probability they will ac-

tually share. There are at least two reasons such an interaction may exist. First, females,

more than males, may consider this form of uncertainty because, as explained previously,

females tend to undergo prefrontal cortex myelination earlier than males (Powell, 2006),

which makes them better equipped to consider consequences of their actions (which, in this

case, considering the consequence of indicating you are willing to share involves considering

the likelihood the instructor will call on you). Second, evidence of more frequent teacher

interactions with males, compared to females (e.g., Fennema and Peterson 1985; Leinhardt

et al. 1979; She 2010; Hemmo et al. 2008) points to males possibly being more likely than

females to anticipate being called on, by the instructor, to share.

Future work should look at whether uncertainty in being called on to share (after

indicating willingness to share) is determinant of gender differences in IRT measured via

the IRT-PSS. One way to do this would be to administer the IRT-PSS to two groups, where
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students in one group will be informed that if they indicate they are willing to share then

they will surely be called on to share, and students in the other group will be informed

there is only some chance they will be called on to share. If the interaction between group

membership and gender is a significant predictor of IRT, this would suggest uncertainty in

being called on to share may be a determinant of gender differences in this type of IRT.

Failure Tolerance

Recall that the level of risk depends on not just the probability of success2, but also

on what students stand to lose (i.e., students’ failure tolerance in the domain in which the

risky decision is situated in). IRT, operationally defined as willingness to share attempted

math solutions with the class, involves risk taking in academic, intellectual, and social

domains. Therefore, one’s tolerance for failing in academic, intellectual, and social domains

will impact their perceptions of the level of risk. Because previous literature suggests

females have a higher social failure tolerance, and males have a higher failure tolerance in

the academic domain, this could be a substantial limitation.

Future work should measure, and control for, students’ failure tolerance when

examining gender differences in IRT. There are scales designed to get at students’ failure

tolerance in academic and the combined social-and-intellectual domains, but these scales

are limited. Perhaps the biggest limitation of these prior scales is that they likely do not

capture all the consequences students consider when they decide whether or not they are

willing to share their solutions to math problems. Additionally, items of these scales likely

depend on context. For example, if a student’s crush is in the class, this may impact their

2In this study, probability of success is captured both objectively (via sample performance) and subjec-
tively (via students’ confidence judgments).
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perceptions of how important it is to not look stupid in class. To address these limitations,

at least as a first step, future work could survey or interview students to determine what

consequences students think about when deciding whether to share or not, and the extent

to which certain contexts will influence these responses.

Identifying Problem Difficulty

The method for identifying problem difficulty involves information that can only be

obtained after the problem is solved (i.e., sample performance and confidence judgments).

In contrast, Lee (2000) proposes a method for determining problem difficulty that can be

applied prior to administering the problem. Specifically, difficulty is a linear function of

some objective characteristics of the problem (i.e., the number of steps required to finish

the problem, the number of operations in the problem expression), and more subjective

characteristics of the problem (i.e., expert identification of the number of difficult steps,

students’ degree of familiarity with the question). However, this approach has the potential

disadvantage in that it is conceptualized from the perspective of the greater community,

whereas the approach proposed in this dissertation considers individual perceptions of the

level of difficulty. Depending on the intended use of the instrument, future work may want

to consider the extent of the differences, between the two approaches, on the level of problem

difficulty identified by each.

The two approaches also differ in the level of objectivity, with Lee’s (2000) ap-

proach being more objective (subjective components are more focused and are considered

from the greater community only) than the approach proposed in this dissertation. A cru-

cial consideration when evaluating the limitations in regards to the objectivity of a measure
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of problem difficulty is whether we want to determine the level of risk from the perceptions

of the individual or the greater community (recall this is an important validity issue that

arises in risk taking research). If the former is the goal, then more objective measures, such

as proposed by Lee (2000) may be warranted. However, if we want to understand students’

perceptions of the level of risk, a more direct assessment of students’ perceptions of problem

difficulty may be warranted.

Future work should consider other ways to assess students’ perceptions of problem

difficulty. One way would be to directly ask students how difficult they think the problem

is. One disadvantage of this approach, however, is that although we are asking students

to directly report their perceptions, their responses may be based on perceptions of the

greater community; thus, conflating the two types of perceptions. In contrast, assessing

students’ confidence judgments directly, after solving the problem, seems to be a more

direct approach for capturing students’, as opposed to the greater community’s, perceptions

of problem difficulty. A second disadvantage (of directly asking students to report the

problem difficulty) is that responses may reflect a high degree of self-report bias attributed

to a desire to appear as if the problem is less (or more) difficult for the student than it

actually is. Furthermore, as difficulty increases, it is expected opportunities for constructive

performance attributions will increase, which may preserve one’s ego even when knowing

one’s solution is wrong; thus, reducing self-report bias due to a desire to perceive the problem

as less difficult than it is.

Future work may want to consider telling students the problem difficulty when

administering the IRT-PSS. This approach is inherent in measures of academic risk taking
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(a type of IRT operationally defined as selection of task difficulty). An advantage of not

telling students the level of difficulty, however, is that it seems more consistent with students’

actual experiences in the classroom. Although students may be provided information about

problem difficulty, my understanding is that this is not the norm.

6.2.2 Self-Report Data

Using self-report data for measuring IRT might be problematic because people tend

to be more risk averse in real, as opposed to hypothetical, situations (Lafferty and Higbee,

1974). To address this issue for the IRT-PSS (IRT operationally defined as willingness to

share attempted solutions), students will be informed that they may be called on to share

their solution if they indicate they are willing to do so.

6.3 Confidence

The confidence component of the IRT-PSS is limited because it does not distinctly

consider the three types of confidence (i.e., confidence due to estimation, placement and

precision). Although the IRT-PSS is designed to capture confidence due to estimation, we

cannot be sure students are not considering confidence due to placement (i.e., how students

view themselves in relation to others), or precision, when estimating their probability of

success. This is problematic because there may be gender differences in all three types of

confidence. Furthermore, confidence due to placement particularly speaks to the social risk

(for which gender differences are expected) that students engage in when deciding to share

their solution in class. In addition, if we do not know students’ confidence due to precision,
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then two students who estimate the same probability of their solution being correct may

have different levels of confidence in their confidence rating. More simply, some students

may be more sure that their confidence judgment is correct; meaning these students would

have better information for determining whether they should share their solution.

To capture confidence due to placement, future work could ask students to rank

order their classmates, and themselves, in terms of math ability. Alternatively, a scale,

designed to measure students’ perceptions of how they perform relative to other students,

could be administered. Capturing students’ confidence due to precision is trickier. This

is because confidence due to precision is typically assessed by having participants report a

confidence interval around their confidence judgment; thus, converting a relatively simple

and straightforward measure to a much more complicated process.

Lastly, confidence judgments are limited in that objective measures of the prob-

ability (e.g., probability an answer is correct) are often not available (Erev et al., 1994);

the problem being that a single confidence judgment is not verifiable, unless the estimated

probability is 1 or 0. Thus, evaluating the realism of confidence judgments requires a series

of confidence judgments; and the collection of judgments can then be evaluated with respect

to internal consistency reliability, as well as relative to the actual outcomes (Yaniv et al.,

1991). The latter is the approach used to evaluate the calibration of confidence judgments.

6.3.1 Calibration

A well-known limitation of calibration criteria for evaluating confidence judgments

is that it involves a frequentist perspective which may not easily translate to real life confi-

dence judgments (Erev et al., 1994; Liberman and Tversky, 1993). For example, a “person
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who says that she is ’90% sure’ does not necessarily expect to be correct 90% of the time”

(Liberman and Tversky, 1993, p. 166). Thus, it is important to distinguish the terms cal-

ibration and accuracy; specifically, this dissertation evaluates the calibration of confidence

judgments, which speaks to the accuracy of confidence judgments, but it is not quite the

same thing.

The realism indices (i.e., calibration index, under/overconfidence index) alone are

not equipped to identify all the different biases in decision making and risk analysis that have

been identified (see, for example, Montibeller and von Winterfeldt 2015). Instead this work

focused only on one type of bias for which gender differences were expected; namely, over-

confidence bias. However, the gender differences in calibration and under/overconfidence

that we found could be due to any number of motivational biases (e.g, desirability biases,

confirmation bias) and cognitive biases (e.g., availability bias, equalizing bias). Thus, fu-

ture work should investigate whether there are gender differences in other types of biases

in risky decision making. This is no easy task because the different types of biases, partic-

ularly the motivational biases, are expected to be context dependent (Montibeller and von

Winterfeldt, 2015).

6.3.2 Item Response Theory Approach to Evaluating the Realism of Con-

fidence Judgments

The item response theory approach to evaluating confidence judgments can provide

a clearer (relative to approaches involving calibration curves or realism indices) picture of

potential issues that may arise when measuring confidence judgments (Stankov et al., 2009).

This is because, unlike the other approaches, the item response theory approach considers
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both the item and the individual, and therefore allows us to see the impact of both the ability

of the student and the item difficulty on the confidence judgment. Consider the typical item

characteristic curve, where ability is commonly on the horizontal axis. Similarly, we can have

an item characteristic curve, but instead of ability, we have confidence along the horizontal

axis. By providing a version of the IRT-PSS with more problems, future work could utilize

this approach.

6.4 Analysis

Because this study involves panel data, there is the risk of creating omitted variable

bias if the fixed effects are left out. Fixed effects represent the factors specific to the

student (e.g., status) which may explain the dependent variable (e.g., willingness to share).

There are also fixed effects for the time-period, or, rather, the math problem, which may

explain the dependent variable; though this is partly accounted for by the inclusion of

problem difficulty in the model. However, there may be other things specific to certain

problems which should be accounted for in the model. For example, maybe students are

more willing to share, or more calibrated, for problems administered later, as opposed

to earlier, in the quarter. Such fixed effects must be accounted for, otherwise we risk

creating omitted variable bias. Unfortunately, for this study, a fixed effects model cannot

be used. The problem is that because this study focuses on gender differences in the

dependent variables (i.e., confidence and willingness to share), if a fixed-effects model were

used, gender will reduce to zero because this factor is time-invariant. This is because the

fixed-effects estimator runs a regression on the individual time-demeaned transformation
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on the variables. For example, a female is coded 1 at each time period, meaning the mean

for that person’s gender is 1, and so at each time point, the time-demeaned transformation

is 1-1=0.

Another option is to use a random-effects model. This should be fine as long as the

student-specific fixed effects are assumed to be uncorrelated with the other predictors in the

model. However, this assumption is difficult to meet. Hausman and Taylor (1981) provided

a solution for this problem when the individual specific residuals are not correlated with

all the explanatory variables. Stated simply, the solution is to run a random-effects model,

which controls for the fixed effects, where some, but not all, of the explanatory variables

are correlated with the individual specific residuals. This solution is promising for this

study. However, the problem is the Hausman-Taylor estimator is not equipped to handle

interaction effects. Because this study is interested in the interaction between gender and

problem difficulty on confidence, the Hausman & Taylor (1981) solution is not viable.

In sum, because the fixed-effects and Hausman-Taylor models are not useful for

the purposes of this study, the next sensible solution is to run a random-effects model for

predicting confidence and willingness to share. Thus, it is important to note the limitation

of this model is that it may produce biased estimates.

6.5 Gender vs. Sex Differences

This study obtains students’ gender from the course picture roster, which may not

be an accurate representation of the student’s gender. Future work should consider, and
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distinctly measure, students’ biological sex and their gender identity3. Future work should

consider differences in IRT between biological females who identify as females, biological

females who identify as male, biological males who identify as male, biological males who

identify as female, and both biological males and females who identify as either a combina-

tion of, or neither, gender. Such considerations are crucial because risk taking is thought to

be a masculine behavior. Therefore, one’s motivation for engaging in risk taking is expected

to depend on the extent to which they identify as male. Additionally, societal influences on

one’s risk taking are expected to depend on others’ perceptions of the individual’s gender.

3Note that students’ self-reports of their gender is not sufficient. This is because the impact of gender
on confidence and IRT will depend not just on students’ self-perceptions of their own gender (which is more
likely to be reflected in self-reports), but also on gender as perceived by others (which is more likely to be
captured via the roster approach; which is the approach used in this study).
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.1 A Response To Cheryan et al. 2016

Cheryan et al. (2016) argue gender differences on measures of math ability are

irrelevant, and do not contribute to female underrepresentation in STEM. In this section I

critique this argument.

Cheryan et al. (2016, p. 19) claims “the top-scorers argument does not explain

why mathematics—the field with the highest average math GRE scores—is more gender

balanced than computer science, engineering, and physics”. I argue there are at least

four problems with this claim. First, GRE scores are a measure of math performance after

college enrollment, and thus do not seem very relevant to the problem of underrepresentation

which occurs prior to college enrollment (Miller and Wai, 2015). Additionally, the sample

of students enrolling in college can be presumed to be vastly different than the sample of

students who take the GRE. Second, the argument does not consider differences in selection

criteria across fields. Third, Cheryan et al. (2016)’s statement conflates mean scores with

right-tails scores, and thus does not dispute the fact that top-scorers may be in fields with

lower average test scores. Fourth, Cheryan et al. (2016) state “women receive a significantly

greater proportion of bachelor’s degrees in mathematics (44%) than computer science (18%;

National Science Foundation, 2014a), suggesting that gender differences in math ability do

not account for the gender imbalance in computer science” (p. 20). This statement conflicts

with the authors’ claim that the lower gender gap in post-secondary math field participation

may have more to do with the low participation of men in that field rather than the high

participation of females. Moreover, math ability requirements likely differ based on the

field. Fourth, the underrepresentation of females in doctoral math programs is greater than
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in undergraduate math programs (29% compared to 43% females, respectively, in 2014;

National Science Foundation and National Center of Science Education Statistics 2017).

Cheryan et al. (2016, p. 19) argue:

the correlation between girls’ performance in mathematics and their aspirations
for jobs involving mathematics is negligible (Charles & Bradley, 2006). In fact,
girls in the U.S. with the highest math ability in the tenth grade choose social,
behavioral, clinical, and health majors over majors in computer science, engi-
neering, physical science, and mathematics (Perez- Felkner et al., 2012; see also
Wai, Lubinski, & Benbow, 2009, for similar evidence with spatial performance).
Whereas boys who are in the top 1% of math ability between the ages of 12
and 14 are more likely to pursue careers in inorganic sciences and engineer-
ing, equally math-talented girls gravitate more to medicine, arts, and biology
(Benbow, Lubinski, Shea, & Eftekhari-Sanjani, 2000).

There are several problems with this argument. First, Cheryan et al. (2016) only

discuss the highest ability girls, regardless of whether these girls have a lower ability than

males. Second, ability is measured via achievement on math tests in the work of Charles and

Bradely (2006) and the work of Perez-Felkner et al., (2012); which, as explained previously,

often ignores important variation in the top-scorers, as it does in these works as well.

Third, standing in direct contrast to claims made by Cheryan et al. (2016), the study by

Wai et al. (2009), that is cited by Cheryan et al. (2016), reported that spatial ability and

occupational patterns were “strikingly similar” (p. 823). And even if Wai et al. (2009)

reported the opposite, as Cheryan et al. (2016) indicates, it is difficult to make claims

about the relationship between gender differences (or lack thereof) in spatial ability and

female underrepresentation in STEM.

Fourth, Cheryan et al. (2016) cites Benbow et al., (2000), when claiming that

“equally math-talented girls gravitate more to medicine, arts, and biology” than do boys.

But the term “math-talent”, that Cheryan et al. (2016) uses, cannot possibly refer to ability

128



because females’ reasoning ability was reported to be below that of males. Indeed, contrary

to Cheryan et al. (2016)’s claims, Benbow et al., (2000) found math reasoning ability was

a predictor of gender differences in STEM educational and occupational outcomes.

.2 Gender Differences in Assessed Math Performance

Previously it was established that gender differences in assessed math performance

depend on the type of problem. Specifically, females tend to perform better on procedural

and familiar problems, while males tend to perform better on complex and unfamiliar

problems (Fennema and Peterson 1985; Marshall 1984; Harris et al. 1993). Additionally,

males largely outnumber females amongst the top-scorers on tests such as the SAT-M (Ceci

et al., 2009; Reis and Park, 2001; Hedges and Nowell, 1995); thus males are presumably

performing better than females on the most challenging SAT-M problems. Evidence to

support this presumption is provided by Gallagher (1992) and Gallagher et al. (2000).

However, gender differences in math performance do not always emerge. For exam-

ple, Hyde et al. (1990) conducted a meta-analysis of gender differences in math performance

during elementary, middle and high school, and found no gender differences in problem solv-

ing in elementary or middle school, but did find males performed better than females (d

= 0.29) during high school. Specifically, there was “superior performance by boys in high

cognitive level mathematics tasks” (Hyde et al. 1990, p. 55). In contrast, others have found

gender differences in problem solving as early as elementary school (Fennema et al., 1998a);

while others have found gender differences on math test performance variance as early as

preschool during which females were overrepresented in the right tail, but by age 10, males
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were overrepresented in the right tail (Arden and Plomin, 2006). In general, “when gaps

in performance exist, they typically, although not always, favor males (an exception is per-

formance on computational tasks). [And] gender gaps favoring males tend to increase as

age increases and tend to be largest for high performing students” (Mcgraw et al., 2006, p.

130).

Inconsistencies in evidence of gender differences in math performance are due, in

part, to different measures of performance as well as differences in how data from these

measures are quantitatively summarized. Regarding the latter, although most studies focus

on gender differences in mean math performance, there is strong evidence of gender differ-

ences in math performance in the right tail, for example, “with males outnumbering females

by a ratio of 7 to 1 in the top 1% on tests of mathematics” (Ceci et al., 2009). However,

males and females tend to do better on different types of math performances measures. For

example, while males tend to better on measures such as the SAT-M and national math

aptitude tests, females tend to do better on classroom math tests and get better grades in

math (Ceci et al., 2009). As Lohman and Lakin (2009) assert, “the more closely a measure

is tied to instruction, the better girls tend to perform” (p. 405). And Fennema et al. (1990)

explain that “the more nearly the measurement instrument includes items of high levels of

cognitive complexity that have not been explicitly taught, the more gender differences will

be found” (p. 65).

Stereotype Threat

”Stereotype threat occurs when a person is in a situation in which a negative

stereotype about that person (or that person’s group) could be applied to the person and
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used to judge the person’s behavior” (Quinn and Spencer, 2001, p. 57). If, for example,

females believe their performance could be judged as proof of a negative stereotype about

their math ability, then this may result in additional burden for females, relative to males.

There are at least two reasons why gender differences in math performance among

the top-scorers may be due, in part, to stereotype threat. First, the literature on stereotype

threat suggests this phenomenon is more likely to occur when tests are challenging and

when the test takers are concerned with their test performance (Quinn and Spencer, 2001).

In the case of gender and math, “it is those girls and women who are the very best at math

that may be most affected by stereotype threat while taking a difficult math test” (Quinn

and Spencer, 2001, p. 59). Second, there is evidence that females formulate strategies less

frequently in a stereotype primed condition (Quinn and Spencer, 2001). This suggests the

impact of stereotype threat on math performance may be more salient for more difficult

math problems (i.e. the problems that distinguish the top-scorers); because it is these

problems, as opposed to easier problems, which may require participants to come up with

strategies for solving, rather than relying on memorization or a teacher-taught procedural

approach.

Unexpectedly, however, although Quinn and Spencer (2001) found females formu-

lated strategies less frequently than males, they found no evidence of gender differences in

strategy use. The authors explain this is inconsistent with the work of Gallagher and De

Lisi (1994), and suggest the reason for the inconsistency is because their sample consisted of

college students, whereas Gallagher and De Lisi’s 1994 study involved high school students.

It could also be, however, that problems involved in the work of Quinn and Spencer (2001)
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did not allow for as many opportunities for IRT (operationally defined as unconventional

strategy use) as the problems involved in the work of Gallagher and De Lisi (1994). While

the participants in Gallagher and De Lisi’s 1994 sample all had SAT-M scores over 670,

Quinn and Spencer (2001) purposely recruited students with scores ranging from 650-700

because they reasoned students with higher scores would not experience stereotype threat

given the difficulty of the problems in their study. Additionally, Quinn and Spencer’s 2001

findings are limited due to the low sample size of 34 students. In sum, findings by Quinn

and Spencer (2001) suggest that stereotype threat could impact females’ ability to formu-

late strategies, but more work is needed to understand the impact of stereotype threat on

gender differences in type of strategy use which have been found by Gallagher and De Lisi

(1994) and others (e.g., Fennema et al. 1998a).

There is also evidence that stereotype threat can be elicited by “merely placing

high-achieving females in a stereotyped setting, in which they are in contact with males”

(Inzlicht and Ben-zeev, 2000, p. 370). In math classrooms, for example, this can happen by

putting females in a mixed-sex group; and particularly in groups where males outnumber

the females. The idea is that “a minority status can evoke a sense of group identity, which

is then incorporated into the working self-concept” (Inzlicht and Ben-zeev, 2000, p. 365).

This idea is supported by empirical evidence of females being more aware of their own

gender the more outnumbered they are by males (Inzlicht and Ben-zeev, 2000).

Although the mechanisms underlying the stereotype phenomenon are unclear (Ceci

et al., 2009), there is evidence to suggest that stereotype threat is thought to impact one’s

decision making ability, and can lead to anxiety and a decrease in working memory (Beilock
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et al., 2007). Günther et al. (2010) experimentally investigated gender differences in pref-

erences for competition as a function of whether the task was gender-neutral, male-, or

female-oriented, and found that “[w]omen tend not to compete with men in areas where

they (rightly or wrongly) think that they will lose anyway – and the same holds for men,

although to a lower extent” (p. 395). These findings might suggest that a preference for

risk taking depend on the gender orientation of the task, but that this impact is greater for

females than for males. Additionally, the impact of stereotype threat could be interfering

with expectancies of success (as Günther et al. 2010, suggests), which will also impact one’s

decision to engage in risk taking (Furby and Beyth-Marom, 1992).

In contrast, Cotton et al. (2015) used elements of game theory to develop a frame-

work for comparing explanations for why males tend to perform better than females on

measures of math performance in competitive environments, and ruled out explanations

due to misconceptions about abilities of oneself or others. The authors concluded that

“policies aimed to eliminate stereotypes, for example, may be unlikely to effectively reduce

the observed performance differences” (p. 63) between males and females.

In sum, stereotype threat does appear to impact gender differences on math perfor-

mance under certain conditions, but the mechanisms under which this phenomenon occurs

is unclear. Additionally, stereotype threat may increase with increasing problem difficulty.

Perhaps if we could increase students’ moderate IRT in math, then perhaps when females, or

racial/ethnic minorities, encounter challenging problems on the SAT, they would be better

equipped to overcome the additional burden that may be placed on them due to stereotype

threat.

133



.3 Math Problems

The problems (quizzes; with one problem per quiz) administered at the end of

lecture are given on the following pages. There were 13 problems (quizzes) total adminis-

tered. The problems provided in this appendix are shown exactly how they were shown to

students, followed by the solution exactly as it was shown to the teaching assistants grading

the problems.
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Quiz

The line L passes through the points art and 13,81

Where does L intersect the x axis

Solution

slope is m 8z Gz 3

L is the locus of points in 1122 satisfying

y 3 x l t 2 3x l

L intersects the x axis when y o i e

0 32 1

whichimplies that
2C I

z
n

Lintersectsthesxisatz.IT
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Quiz3

Supposethat the function f is given by the formula

fCx 3 at 15 2

Define the functions a b c and g by
a c 33C bloc Xt l CCK X Z and gcn 22

write f as a composite function using a b c and g

Solution

f co a og o b
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QuizI
Recall that 12 inches is 1 foot and Go seconds is one minute

Calculate the acceleration 5ft in units of inches and minutes

Solution

5 5 Yfin f Y
5 12 6012 in

mint
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Quiz5

Suppose that a line segment L passes through thepoints
1,27 and 17,12 Find the point on L that is a distance

of 2 from the point cuz andthat lies to theright of
1,2

Solution

The vector v givenby
7 12 1 2 L G 10

The unit vector V that translates points along L to
the right and by adistance 1 is givenby

s I 7

The point p
is given by

p 2T t l l 2

2 f i t l l 2

Eg ti 2 t
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Quiz f

Write the function f explicitly as a piecewise defined function

where f is givenby

f ex 12 1 12 41

Solution

12 11 1
10411 if
att if a I

12 41 f
2x 47 if 222

2x 4 if x z

cacti 2x 4 if xc I

Cxti 2x 4 if 112cL 2f
cacti 2 4 if a 2

140



Quit 7

Rotate the point 3,5 by theangle Eire around

the point 1,2

Solution

Translate 3,5 by L l 2 to the point
I 27 1 3,5 2,3

Rothe 2,37 by the angle I II I snared Cao and

translate by the to obtain the point

1,27 t CI FEI 2137

41,27 t z Z Bz 3 Iz 3 t Bz 2

flttz
2
fsz3.2tz3trz.ae

Recall that cab I Cadi ac bd ad tbc
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Quiz

what is the minimum y value on the graph of f where

f ex x't 42 t 7

Solution

f ex x't 40C t 7

Acxthitk Ax't 2Ahxt Ah't k

A

2Ah 2h 4 he 2

Ah't k I Ifk 4th 7 k 3

So
fix at 2ft 3

The minimum y valve is when y 3 This occurs when
x is 2

142



Quiz

Q1 sketch the graph of the polynomial function f given
by

f x at 2 3 x 1
2

Xt 3

Solution fix abt junk
µ

f

QI Confidence 0 look

Q1 willing to present in section 171N
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Quiz

Q1 What is the leading term of the polynomial f given by
f ex l 3 1 Ext IPok 514 x 7

solution 1 3 12 C xp x ay 9 19

QI Confidence 0 look

Q1 willing to present in section I 11N
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Quiz

Qt Suppose that A and B are angles in QI
and A B Write down the appropriate relationships

CosA ID cos B
or for

sinCA D sin CB
TanCA D TancBl

Solution
II B

SiniB
A CostAt Thf cos B

sina.gl i sinCAIDfsincB1TanCAI

TanCBlcosCA1WCoslBJQ2iCo.u

fidence 0 look

Q1 willing to present in section I 11N
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Ovi

Q1 A pyramid has a height of 5 feet a volume of 20ft and an
area of 50ft A larger pyramid with the same linear proportions
has a heightof 10 feet What is its volumeand surface area

Define a bigfoot bfeet to be 2feet The heightofthe scaled

up pyramid is 5 bfeet where

5bfeet 5 bfeet 2feet
Feet

tofeet

The volume of the scaled up pyramid is
zotffeetP 20 bfeetP.fyfb.pe J3 8.20feet

160 feet
The volume of the scaled up pyramid is

bobfeet 50lbfeetT.GE etII4I5oooffeeet
p

QI Confidence 0 too

Q1 willing to present in section I 11N
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Quiz

Q1 A pyramid has a height of 6 feet and a volume of 27ft
if a smaller pyramid has the same linear proportions has a
volume of 1 cubic foot what is its height

The dimensionsof the smaller pyramid have been scaled down

by a factor a so that
I small feet a feet

The new volume is

27 small feet13 27 smallfeet13 a feet 3

27as feet 1feet3
Tweet

a a

a height G small feet
G a feet G feet 2fee

QI Confidence 0 too

Q1 willing to present in section I 11N
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.4 Validity of the IRT-PSS: A Prescriptive Argument-Based

Approach

In this section I develop a validity argument for the IRT-PSS using a pre-

scriptive argument-based approach. First, I explain why I chose a prescriptive argument-

based approach. Next, I develop the interpretive argument, followed by the validity ar-

gument; the latter including the types of evidence needed to support the inferences and

assumptions identified in the interpretive argument.

There are different approaches to evaluating the validity of an instrument. Per-

haps the most common approach, which is discussed in the Standards for Educational and

Psychological Testing (AERA et al., 2014), is a prescriptive category-based approach which

focuses on five types of validity evidence: test content, response process, internal struc-

ture, relations to other variables, and consequences of testing. While this approach may be

comprehensive, it is limited in that it serves more as a checklist that can be completed (as

opposed to focusing the researcher on the intended use of the instrument), making it easy

to neglect considering how this evidence will support the actual interpretations that will be

made (Jacobson and Svetina, 2019).

A second approach to evaluating validity is a contingent argument-based approach

(Kane, 2013). This approach asks the researcher to explicitly state, in detail, the intended

interpretation and use of the instrument, and then to evaluate the soundness of these

claims based on the actual responses (Kane, 2013). There are at least two limitations of

this approach. First, it is very difficult to develop and understand validity arguments using

this approach because common features of the arguments are not utilized (Schilling and Hill,

148



2007). The second limitation is that theory gets put to the background, because theory is

only considered in reference to the assumptions and inferences identified in the interpretive

argument (Schilling and Hill, 2007).

A third approach to developing a validity argument, which provides a trade-off

between the prescriptive category-based approach (focusing on types of validity evidence

researchers should consider for every use) and the contingent argument-based approach

(requiring a unique argument for each use), is the prescriptive-based argument approach

(Jacobson and Svetina 2019, see also Schilling and Hill 2007). This approach focuses the re-

searcher on the intended use of the instrument, while also distinguishing between three types

of assumptions: elemental (concerns the items), structural (concerns how the items fit to-

gether), and ecological (concerns the relationship between the instrument and the context).

In this way, validity arguments are easier to develop than the contingent argument-based

approach (common features of the arguments can be utilized), and we neither run the risk

of neglecting to consider the intended use nor putting theory to the background (Schilling

and Hill, 2007; Jacobson and Svetina, 2019). In this dissertation I use this third approach

(i.e., the prescriptive argument-based approach) to developing the validity argument for the

IRT-PSS.

Interpretive Argument. This section describes the interpretive argument, in

accordance with the recommendations of Schilling and Hill (2007) and Jacobson and Svetina

(2019). Specifically, I develop the interpretive argument by considering elemental, struc-

tural, and ecological assumptions related to the intended use of the IRT-PSS and its’ un-

derlying theoretical framework. That is, to validate the IRT-PSS, I consider the three
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categories of assumptions in relation to the theoretical framework pertaining to gender dif-

ferences in IRT in middle school math; and then I identify testable inferences corresponding

to each assumption. The interpretive argument is given below.

1. Elemental Assumption: The IRT-PSS items reflect students’ confidence and will-

ingness to share their solutions with the class for specific math problems, and not

irrelevant factors (e.g., test taking strategies, item flaws)

(a) Inference: Students’ reasons for their responses to items will correspond with

the planned interpretation of those item responses (e.g., students’ reports of

willingness to share corresponds to their actual willingness to share)

(b) Inference: Experts deem the items to provide useful information about students’

confidence, and willingness to engage in IRT

2. Structural assumption for the IRT-PSS: The subcomponents of the instrument that

measure the different constructs (i.e., accuracy, confidence, willingness to engage in

IRT) can be distinguished from each other for the same math problem, and are con-

sistent across math problems of the same identified level of difficulty

(a) Inference: Items measuring each construct (i.e., accuracy, confidence, and will-

ingness to share attempted solutions), for a certain problem difficulty/complexity,

are reliable

(b) Inference: Items measuring the different constructs (i.e., confidence, willingness

to share), will be related in expected ways, and these relationships will depend

on problem difficulty in expected ways
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(c) Inference: The professor’s assessment of problem difficulty (moderately, very, or

extremely difficult) will reflect the same level of difficulty determined via the

performance of the sample of students used in this study

3. Ecological Assumption: The IRT-PSS will capture behavior thought to be important

for gender differences in math education outcomes (e.g., problem solving skills), and

that can change because of changes to classroom factors

(a) Inference: students’ who more often report willingness to share for moderately

difficult problems tend to engage in other types of IRT behavior during math

class

(b) Inference: moderate IRT is positively associated with the use of invented algo-

rithms

(c) Inference: moderate IRT is positively associated with confidence in solution ac-

curacy

(d) Inference: moderate IRT is positively associated with failure tolerance in the

academic, intellectual, and social domains

Validity Argument. This section describes the validity argument in accordance

with the recommendations of Schilling and Hill (2007) and Jacobson and Svetina (2019).

Specifically, I describe the evidence that can be gathered for supporting the assumptions

and inferences in the interpretive argument.

Specific to addressing inference 1a, students can be interviewed to determine their

reasoning for responding the way they did. Because the instrument will be administered
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multiple times, feedback from the teacher can be obtained regarding whether problems

selected for the IRT-PSS involve topics the students might learn between administrations.

Also for addressing inference 1a, assuming a large enough sample, differential item function-

ing, across gender can be tested for determining whether the items measure the construct

in the same way for males as for females (and for different racial/ethnic groups). To address

inference 1b,idenfication of problem difficulty (based on sample performance) and complex-

ity (based on subjective identification of the level of strategy flexibility required) will be

considered. Also useful would be the professor’s input on students’ familiarity with the

problems.

For the structural assumption, the plan for addressing inference 2a is discussed

in the section on reliability provided in Appendix D. To address the structural assumption

(inferences 2a, 2b & 2c), as well as the ecological and elemental assumptions (inferences

1a and, to some extent, inference 3a), Rasch analysis techniques can be used to evaluate

whether the instrument is measuring in a way that is consistent with theory (Boone, 2016).

For example, a Write map can be created for comparing predicted and actual item difficulty.

In addition, fit statistics can be reviewed to identify items that are not useful, due to, for

example, items that are correctly answered by poor performing students or items that

are incorrectly answered by high performing students. Finally, person-fit statistics can

be computed for identifying students who exhibit invalid response patterns. For example,

response patterns can reveal whether students guessed on each problem, or whether students

experienced fatigue (Boone, 2016).
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To address ecological (inference 3a), as well as elemental (inferences 1a & 1b),

assumptions, the IRT-PSS instrument will include problems that students might be asked

to solve in math class, and for which students will be graded on4. In addition, some of

the students who indicate they are willing to share will later be asked to share with the

class how they tried to solve the problem. Students will be informed of these things (that

problems will be graded, and if they indicate they are willing to share they may be called

on) prior administering the IRT-PSS.

To address the ecological (inference 1a) assumption, TA interviews and classroom

observations might be useful; although, as previously discussed, these methods are limited

because they are not equipped to capture individual differences in willingness to share

attempted solutions for the same task. For example, if we observe which students raise

their hand for a moderately difficult problem, we can only hear from the students who were

called on; thus we cannot know if students who were not called on had planned to share

their solution, or had planned to say something else that does not qualify as moderate IRT

(e.g., asking for clarification on what problem they are on). Moreover, data gathered (either

via observations or teacher interviews) on what students say over many occasions, do not

allow for making comparisons across students for the same task. Lastly, regarding TA input

on the actual IRT behavior they observe of the students during class, it is important to

consider potential biases the TA may have regarding their students’ IRT behavior.

To address the ecological assumption (inference 3b), students’ written work on

the IRT-PSS can be examined for evidence as to whether the student used teacher-taught

4All students receive full credit for attempting the problem, and correct solutions are awarded extra
credit.
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or invented approaches to solving (see, for example, Che et al. 2012). The utility of this

evidence depends on the ability to determine accurately and precisely what is a teacher-

taught strategy and what is an approach that is invented. Thus, increasing the utility

of this evidence might entail getting input from the teacher about what she has taught.

The utility of coding student work for gathering evidence of the type of strategy use also

depends on whether the level of complexity (i.e., strategy flexibility) of the problems are

such that they provide opportunities for students to solve in a non-traditional way. For this

reason, problems have been selected to be highly challenging and complex. Also considered

is professor input regarding student familiarity with each problem.

To address the ecological assumption (inferences 3c & 3d), correlations between

scores on the IRT-PSS components of problem solving accuracy, confidence and willingness,

as well as on measures of academic (e.g., the Academic Failure Tolerance scale developed by

Clifford 1988), combined intellectual-and-social failure tolerance (e.g., Patterns of Adaptive

Learning Scales Performance-Avoid Goal Orientation scale; Midgley et al. 1998) can be

examined. To address inference 3e, correlations between students’ willingness to engage in

IRT and factors such as students’ perceptions of autonomy and teacher expectations can

be examined. However, this evidence will not allow for determining whether the classroom

factors caused students’ willingness to engage in IRT.

Lastly, the IRT-PSS design, which includes items related to moderate, very, and

extremely difficult math problems, is well-suited for gathering evidence to address both the

elemental assumption (inference 1a) and the ecological assumption (inference 3a). Specif-

ically, it allows for comparing gender differences for moderate, high, and very high IRT;
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thus providing some evidence as to whether students are choosing to share (or not) because

of the level of intellectual risk involved, or because of something more generally related

to sharing out loud. For example, if gender differences in reports of willingness to share

are greater for extremely, as opposed to moderately, difficult problems, then this suggests

the level of risk is an important predictor of gender differences in willingness to share, as

opposed to say classroom status based on gender (perhaps due to popularity or perceived

ability).

.5 Reliability of the IRT-PSS

The Standards for Educational and Psychological Testing (AERA et al., 2014)

define reliability as the “consistency of scores across instances of the testing procedure” (p.

33). From a classical test theory (CTT) perspective, the reliability of a test is the association

between two parallel forms of that test, assuming taking each test is independent of each

other (i.e., taking one test does not impact taking the other test) (AERA et al., 2014).

Generalizability theory provides an alternative perspective for conceptualizing reliability,

which considers multiple sources of error (e.g., items, occasions, raters); an advantage not

provided by the CTT approach to reliability. Fortunately, from a practical standpoint, using

generalizability theory to evaluate reliability does not require that the different sources of

error need to be estimated separately (AERA et al., 2014).

The error due to the items on a test pertains to a type of reliability known as

internal consistency. Internal consistency (e.g., Cronbach alpha) is perhaps the most com-

mon type of reliability reported as it can be easily computed from the ANOVA results. The
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Standards for Educational and Psychological testing define internal consistency as “the ob-

served extent of agreement between different parts of one test to estimate the reliability

associated with form-to-form variability” (AERA et al., 2014, p. 35). Consequently, inter-

nal consistency of a test will depend on the number of items. Specifically, as the number

of items increase, it is likely the internal consistency will increase as well (assuming the

added items in the longer test are comparable to the items in the shorter test). Because

administration of the IRT-PSS involved only a handful of problems per difficulty level5, the

internal consistency might be lower than if the instrument involved more problems. How-

ever, because I am focused on mean changes across gender groups, rather than changes in

individuals, it is less important to have a high internal consistency (Jacobson and Svetina,

2019).

Consistency between problems administered at different times can be evaluated by

estimating of coefficients of stability and equivalence (Webb et al., 2006). However, because

there are more than 3 administrations (specifically, 13 administrations), the variability in

student responses across different occasions can also be estimated via a 2-facet generaliz-

ability study with the object of measurement being responses on the IRT-PSS, and the

facets of interest being occasions and items. In this way, I can examine how much of the

variation in responses is due to the occasion and how much is due to the math problem.

Lastly, because this study focuses on differences in IRT-PSS scores across gender

groups and not individuals, and because the group mean scores involve different sources

of error than the individual scores (AERA et al., 2014), reliability will be evaluated in

53 moderately difficult problems, 6 very difficult problems, and 4 extremely difficult problems.
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reference to the standard error of the group mean. This is in accordance with Standard

2.17 of The Standards for Educational and Psychological Testing (AERA et al., 2014).
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