
 
 

ABSTRACT 

PERKINS, HEATHER. The Challenge of Synthesizing Identity Theory Illustrated Through a 
Science and Engineering Example. (Under the direction of Dr. Mary Wyer). 

Identity is a complex phenomenon studied throughout the social sciences but has 

attracted particular attention in STEM education settings as a strategy to boost interest, 

belonging, and persistence (Blackburn, 2007; Cuddy et al., 2008; MacLachlan, 2006; Settles et 

al., 2016). However, STEM educators working in this area inherit a tangled and storied history of 

competing and overlapping theories, and often find themselves working at odds as they attempt 

to navigate the existing literature. This dissertation argues that we need more centralized 

synthesis work to organize the abundance of theories and create a shared and accessible 

framework and uses three science and engineering identity studies to argue for the potential 

value and applicability of such an approach. The first manuscript studied an intervention 

(Scientist Spotlights) created to challenge scientist stereotypes and increase science identity. 

Students who completed the intervention used fewer stereotypes when describing scientists, rated 

scientists as more relatable, expressed more science interest, and got better grades at the end of 

the quarter than their peers who completed a control assignment. The second manuscript 

analyzed the relationships between graduate students’ engineering identities and their 

peer/advisor relationships, with a particular focus on women of Color. This study reiterated 

previous findings that suggested consistent differences in perceived performance/competence 

between groups (e.g., men reported higher engineering performance/competence than women of 

Color) and challenged previous ideas about recognition (e.g. white men and women reported 

higher scientist recognition than Asian men despite model minority stereotypes). The third 

manuscript uses Latent Profile Analysis (LPA) to identify engineering identity profiles within a 

sample of graduate students, and then examines how these profiles predict their intentions to 



 
 

persist and their ability to evaluate their degree progress. Three profiles were identified by the 

LPA, with one group (students with all identity scores below the mean) linked to lower 

persistence and progress, but the other two groups (one with lower engineering identity and one 

with lower researcher and scientist identity) had comparable persistence and progress scores. 

Taken together, these studies contribute valuable findings regarding science and 

engineering identity and suggest strategies for further identifying and closing gaps, but they also 

highlight the issues with the current approach to identity research. For instance, all three studies 

investigate aspects of social representation (e.g., a common cultural understanding, Oyserman & 

Markus, 1998) and depersonalization, but these aspects are not clearly defined by a unified 

framework, instead existing according to overlapping and competition definitions put forth by 

separate theories. Similarly, there is also an artificial divide caused by the siloing of theories, as 

the influence of role identity theory leads the studies to focus on psychological processes of 

identity and to neglect the social aspects, although both elements are equally essential. These 

studies also illustrate how the current approach contributes to patterns of marginalization by 

marking some identities as the default, and thus invisible and 'normal', while other identities are 

marked as abnormal and thus problematic to the original theory’s functioning. An integrated 

identity theory could push back against this tendency by acknowledging the complexity of 

identity and requiring a space in which the reconciliation of multiple identities that occurs at all 

times, for all participants, instead of merely focusing on this process when it occurs for 

minoritized participants. Lastly, an example integrated identity theory is modeled and ideas for 

how to encourage the further development and use of such theories are proposed.  
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Chapter 1: Introduction 

Overview of identity research 

Questions of identity and sense of self have always been central to psychology, with 

many of the first studies in psychology focusing on aspects of identity. In the 1890s, William 

James was already theorizing extensively about identity and continued to do so throughout his 

career (Reed, 1998). As time went on, James' philosophical work was complemented by a 

number of grand theories of identity, such as Erikson's work on identity formation, Mead and 

Cooley's symbolic interactionism, and Tafjel and Turner's social identity theory (Friedman, 

2000; Hogg, 2016; Reynolds & Herman-Kinney, 2003). The development and testing of these 

theories prompted the development of increasingly specific sub-theories focusing on key aspects 

of identity (e.g., ecological framework for understanding multiracial identity, student 

development theory, objectification theory, and many others; (Jones & Stewart, 2016; Kozak et 

al., 2009; Rockquemore et al., 2009). It is only in the past few decades that educational 

researchers have begun to investigate the importance of identity, with an explosion of findings 

linking identity to student interest, persistence, and success (for examples, see (Darragh, 2016; 

Gee, 2000; Patrick & Borrego, 2016). As part of this process, work has become less theory-based 

and more focused on concrete, applied outcomes. For example, while both Erikson’s identity 

formation and Oyserman’s Identity-Based Motivation study identity development in adolescents, 

Erikson’s work emphasizes generalizability and the establishment of consistent, universal 

processes of identity, while Oyserman focuses on the academic identities of marginalized 

students in the current U.S. educational system (Batra, 2013; Oyserman, 2015). This produces 

fields of research that are rich in findings but struggle to learn from themselves and integrate 

their findings into organized and testable theories of identity (Abdelal et al., 2006; Owens, 2006). 
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To illustrate this critique, this review focuses on STEM education research, with 

particular emphasis on science and engineering identity research. Within STEM education 

research, two landmark theories (social identity theory and role identity theory) are central to our 

current understanding of identity (Hogg, 2016; Stets & Serpe, 2013). These theories are united 

by their attempts to create a fundamental conceptualization of identity. Both begin with the 

assumption that the self is “reflexive”, e.g., that people can place themselves in social categories 

(called ‘self-categorization’ in social identity theory and ‘identification’ in role identity theory; 

(Hogg, 2016; Stets & Serpe, 2013). Aside from this basic foundation, however, the theories 

diverge in their focus and consensus. Overall, social identity theory is focused more on the 

relation of an individual to the group, while role identity theory focuses on the power of naming, 

aka ‘roles’ (Stets & Burke, 2000); more information about these theories is included in the 

sections below). 

This messy combination of disparate theories presents some clear challenges and 

some subtle ones. One issue presented by this approach, articulated by (Owens, 2006), is 

the confusion of terms that occurs as research proliferates. For instance, some studies use 

terms like identity interference and identity conflict interchangeably, while others make a 

point of introducing them as separate concepts (Ahlqvist et al., 2013; Settles et al., 2016). 

A second issue is the corollary of this problem: even as the overlap between theories 

causes frustration and confusion, isolated research trajectories create methodologies, 

measures, and avenues of research that quickly become siloed by field and discipline 

(Côté, 2006). For example, (Stets et al., 2017) measure science identity using a single item 

and conceptualize science self-efficacy as a separate construct, while (Hazari et al., 2010) 

separates science identity into three constructs and sub-scales, one of which 
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(performance/competence) closely mirrors that of science self-efficacy. This combination 

of overlap and divergence produces confusion and misinterpretation, and makes high-level 

studies like meta-analysis and systematic reviews even more difficult to conduct. The final 

issue is marginalization and erasure of groups that do not fit the dominant culture. Large, 

unifying theories are like large currents in a pool of water, and more specific theories are 

like eddies spinning off from the larger currents into increasingly localized patterns. When 

the pool is disrupted, these smaller patterns are destroyed and knowledge is lost. But it is a 

specific kind of knowledge that is lost: studies from smaller disciplines and more applied 

settings are a part of it, but most importantly, knowledge about and from marginalized and 

underrepresented groups is lost when they are acknowledged and reincorporated into 

central theories (Cundiff, 2012; Pawley, 2020). 

Overall, this review argues that we need more centralized synthesis work that 

organizes results and creates shared frameworks, languages, and archives of knowledge. 

The following sections will discuss the relevant theories in more detail, with a focus on 

identifying the individual strengths of each theory (e.g., what each one contributes 

uniquely to the definition and study of identity) and the overlapping or conflicting aspects 

of the two theories together (e.g., areas in which a more clearly defined framework would 

be beneficial). The goal of his review is to shift the conversation from one of isolated 

definitions and examples to a more unified but still grounded conceptualization of identity. 

To demonstrate how this process might work, we review three studies that focus on 

separate but complementary aspects of identity. The first uses the possible selves theory to 

test an intervention to challenge stereotypes of scientists and increase science identity, 

with promising effects. The second uses a model largely informed by role identity theory 
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to examine how social identities, engineering identities, and academic relationships 

interact. The third uses latent profile analysis (LPA) to identify group-level patterns of 

identity and test whether they predict students’ intentions to persist and ability to evaluate 

their degree progress. In the final chapter of this dissertation, these findings are brought 

together using existing theory to provide a demonstration of how the integration process 

could occur, and the potential challenges and insights this approach could provide 

Social identity theory 

Social identity theory was developed in the 1970s by Henri Tafjel, a Polish Jew who 

survived the Holocaust. The Nazi’s categorized him as ‘French’ rather than ‘Jewish’ due to his 

enrollment at a French college, and thus he was sent to a prisoner-of-war camp instead of the 

concentration camp in which his family members perished. Tafjel’s background played a large 

role in the pioneering developments he brought to identity theory, shifting the focus from 

individualistic factors like personality traits and individual life experiences (as seen in studies of 

the ‘authoritarian personality’; Martin, 2001) to a ‘holistic’ or ‘gestalt’ approach to identity and 

conflict. 

In social identity theory, one’s identity is larger than the sum of personality, 

experiences, and society alone (Hogg, 2016). In an early publication, Tafjel defined 

identity as an “individual’s knowledge that he belongs to certain social groups together 

with some emotional and value significance to him of this group membership” (Hogg, 

2016, p. 6) -- a definition that already incorporated the social aspects that would 

differentiate this theory from others. Social identity theory has always been especially 

focused on intergroup relations and conflict: it draws significantly from Sherif’s realistic 

conflict theory, which posited that conflict (e.g., competition for scarce resources like jobs) 
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was a major impetus of identity development (Hogg, 2016; Jackson, 1993). However, 

Tafjel argued that an identity alone could promote conflict, and developed a persuasive 

body of evidence to support his claim (Hogg, 2016; Stets & Burke, 2000). 

Ultimately, social identity theory proposes that the specter of conflict drives the 

needs for intergroup distinctiveness and self-enhancement. The consequent group status 

and prestige developed as a result of this need carries over to its members, providing 

increased stability of self (rules for one’s own behavior) and a reduction in social 

insecurity (caused by the unpredictability of others’ behavior; (Hogg, 2007). Although his 

original writings established the foundations of social identity theory as outlined here, 

proceeding work from fellow researchers established other, influential mechanisms as 

well. One such construct, called prototypes, was developed in the 1980s and plays a key 

role in current iterations of the theory. Prototypes are individual schemas that define and 

characterize groups; they are similar to stereotypes, but with a key difference. As put by 

(Hogg, 2016) in his comprehensive review of the theory and its history: “if you alone 

believe that all Martians have skinny green bodies and huge heads it’s a prototype, but if 

pretty much all other humans believe this then the prototype is also a stereotype (p. 8).” 

With the existence of prototypes comes the development of norms, i.e. shared 

scripts used to guide and predict behavior. Conformity with norms (also referred to as 

depersonalization) dictates whether one is perceived as a member of the group or not. In 

the process of interacting with others, situations and environments make certain identities 

salient -- i.e., accessible and fitting the individual’s perceived needs -- which then becomes 

the defining prototype that dictates norms, which then dictates group membership (Hogg, 

2016; Stets & Burke, 2000). Ultimately, this process of in-group/out-group differentiation 
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underlies many social phenomena linked to identities, such as stereotyping, ethnocentrism, 

cooperation, and collective action (Stets & Burke, 2000). These social phenomena in turn 

underlie much interpersonal, societal, and global conflict, consistent with Tafjel’s earliest 

foundations of the theory. 

Role identity theory 

Role identity theory grew out of sociology’s symbolic interactionism, a theory largely 

shaped by Herbert Blumer and Manford H. Kuhn. Of the two, Kuhn’s branch of symbolic 

interactionism, also referred to as structural symbolic interactionism and self-theory, has had the 

largest effect in role identity theory (Stets & Serpe, 2013). Unlike social identity theory, with its 

strong focus on social groups, group definitions, and group interactions (Hogg, 2016) role 

identity theory focuses on the individual’s mind, their thoughts about themselves (self-

conceptions), and how they combine to create an individual’s core self (Stets & Serpe, 2013). 

The core self does not determine behavior in a vacuum: according to role identity theory, 

individuals use the role-taking process to adopt different behavioral strategies. Although social 

interactions and norms play an important role in the theory, they are adjacent to the development 

and adoption of an identity, when small-scale interpersonal interactions lead individuals to 

negotiate the roles they will play (Stets & Serpe, 2013). 

Role identity theory also argues that there are different types of identity: role identities, 

which are meanings attached to roles individuals occupy socially; group identities, which are the 

groups they identify with and belong to; and person identities, which are the unique ways they 

see themselves (Stets & Serpe, 2013). These role identities are enacted within social structures, 

which provide barriers and pathways in which to act out role identities. Social structures range in 

size and complexity, and can be large (e.g., cultural and societal stages), intermediate (e.g., 
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localized networks like neighborhoods and organizations), or proximate (e.g., families, teams, or 

clubs). In the case of proximate social structures, the most immediate structure in which the 

majority of one’s time is spent, individuals have the opportunity to act out role identities such as 

parent, scientist, or professor (Stets & Serpe, 2013). 

The process by which these roles are enacted occurs through a feedback loop with five 

components: 

● Identity standard: the self-conceptions that an individual associates with their core self 

● Perceptual input: how individuals see themselves and the feedback they receive from 

others (i.e., reflected appraisals) 

● Comparator: the process that compares the perceptual input and identity standard 

meanings 

● Emotion: a signal of the results of the comparator process, positive when the meanings 

match (i.e., identity verification) and negative when there is a discrepancy 

● Output: the resulting behavior 

Ideally, this process works to balance the individual’s self-concepts with the appraisals they 

receive from others in order to produce the best, most appropriate behavior for their current 

situation. This is often referred to as the selection of a salient identity. Unlike social identity 

theory, identity salience in role identity theory does not refer to identities that are involuntarily 

activated or made relevant by a situation or environment. Instead, it refers to the primary identity 

that an individual chooses to invoke and use as a lens and filter for their behavior (Stets & Serpe, 

2013). 

Outside of immediate interactions, identities can be characterized and organized by their 

general salience, which is not a reflection of immediate activation but a reflection of 
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commitment and how often they are invoked. At the same time, identities can also be 

characterized by their prominence or centrality. Prominent or central identities are those that are 

most closely related to one’s core self; unlike salience, prominence acts as a measure of 

importance, support received, and overall internalized importance of an identity, rather than a 

measure of how often it is chosen. It is possible for a role identity to be both salient and 

prominent, but it is also possible to have an identity that is salient (e.g., professional) and a 

separate identity that is prominent (e.g., parent). In these cases, identity conflict can occur 

(Merolla et al., 2012; Stets & Serpe, 2013). The influence of racial and ethnic identities has also 

been explored in role identity theory, but rarely as a role or person identity that might be made 

salient. Instead, it generally frames racial and ethnic identities as states or statuses that impact the 

salience and prominence of other identities (Stets & Serpe, 2013). 

Role identity theory is frequently referenced and cited in STEM education research, 

particularly in conjunction with the underrepresentation of women in science and math. Scientist 

and engineering identities are only some of identities that individuals can make salient in a given 

situation, and for women, many of those identities are ‘incompatible’ with traits associated with 

scientists and engineers (e.g., logic and objectivity, asociality, obsessive commitment to work, 

etc). The resulting mismatch between women’s’ salient identities and reflected appraisals thus 

emerged as decreased scientist identity salience or prominence (Lee, 2005).  As strong STEM 

identities are linked to higher interest and better outcomes in STEM classes (for examples, see 

(Crisp et al., 2015; Patrick & Borrego, 2016; Radovic et al., 2018), there is a push to develop 

interventions and tools that increase the adoption, salience, and prominence of 

science/engineering identities (for an example see Wulff et al., 2018). 
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Stereotype content model 

Susan Fiske became interested in categorization and stereotypes when attending Hyde 

Park’s University of Chicago Laboratory Schools, a small private school system that enrolled a 

diverse array of students from pre-K to high school graduation. As she observed students self-

segregating by race and ethnicity, Fiske became interested in the psychology of how people 

perceived, categorized, and drew conclusions about one another (Fiske, 2012). Fiske’s initial 

efforts to understand how people evaluated one another drew from Anderson’s information 

integration theory, with a focus on how isolated social cues combined to form larger impressions 

(Anderson, 1982; Fiske, 2012). This work ultimately prompted the development of the 

continuum model of impression formation, which later led to the stereotype content model. The 

continuum model proposes that impression formation has phases: first, individuals use categories 

in their attempts to explain and predict behavior (e.g., using stereotypes to guess how a new 

engineering student will behave in class). When existing categories insufficiently capture the 

individual’s behavior, they move to recategorization (e.g., most engineers are asocial, but 

industrial engineers are an exception to the rule). The continuum ends in attribute-based 

processes, when one must use their knowledge of the individual to predict their behavior instead 

of relying on generalized rules abstracted from others (Fiske, 2012). As one proceeds through the 

continuum, more attention and stronger motivation are needed to continue the process. 

Consequently, it is faster and more efficient to use category-based processing to develop a fitting 

impression as quickly as possible (Fiske & Neuberg, 1990). 

The discussion then shifted to one of motivation: what prompted individuals to engage in 

category- versus attribute-based processes? Further work demonstrated that there were two 

crucial motivators driving the perception process: interdependence, and competition. Greater 
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interdependence prompted more attribute-based processes, while competition prompted 

category-based processes (Fiske, 2012). This fine balance between perceiving someone as a 

unique person versus a representative of a group called to mind the concept of stereotyping, but 

existing research on stereotypes was primarily focused on content and consequences instead of 

development and persistence (Fiske, 2015). This prompted the development of the stereotype 

content model, an attempt to better understand the category-based processing that often 

constituted the bulk of one’s impression formation in contentious or threatening environments. 

Ultimately, a range of studies across a wide range of situations and cultures (Cuddy et al., 2009) 

have identified two categories that are consistently used when evaluating others: warmth and 

competence. Warmth, in this case, is a category of traits that includes morality, trustworthiness, 

sincerity, kindness, and friendliness, among others. Similarly, competence does not translate 

directly to intelligence or skill, but is part of a larger association of traits that includes creativity, 

confidence, efficacy, and successfulness (Fiske, 2012). With these categories mapped on x- and 

y-axes, one can plot group categories according to how warm and competent they are perceived 

to be. Correspondingly, these warmth/competence combinations can also be used to predict 

behavior: higher warmth predicts more active behaviors (e.g., help, attack), while higher 

competence predicts more passive ones (e.g., association, neglect; Cuddy et al., 2008). 

An important finding from SCM is that most stereotypes are not uniformly negative or 

positive, but include positive elements to compensate for the negative elements. However, 

including positive elements in the stereotype is not sufficient to cancel out a stereotype’s 

negative effects: positive aspects of envious or paternalistic stereotypes can be used to mask the 

negative elements that perpetuate inequity and discrimination, both from onlookers and from the 

individual holding the stereotype (Cuddy et al., 2008). However, some groups are subject to 
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univalent stereotypes. Individuals in the LC-LW quadrant (see Figure 2) are subject to the most 

virulent forms of prejudice, while those in the HC-HW quadrant are generally the culturally 

dominant ‘default’ groups that benefit the most from privilege. It is not required for one to 

belong to these groups in order to place them in the HC-HW group; societal structures work to 

normalize their position as ‘natural’ or ‘normal’, and these views become internalized by out-

group members even as they negatively impact them (Cuddy et al., 2008; Jost & Banaji, 1994; 

Sidanius & Pratto, 1999). 

Many studies using the stereotype content model do so with a particular emphasis on 

marginalized or minoritized groups, in order to understand and predict prejudice and 

discrimination (Cuddy et al., 2008). Investigations of stereotypes in vocational fields (like 

STEM) are thus sparse on the ground, but there has been some work done in the area. Findings 

generally indicate that scientists generally fall into the HC-LW quadrant (see Figure 2), and are 

perceived as intellectually and professionally competent but lacking in warmth and sociability 

(Bruun et al., 2018). Studies conducted outside of the framework also produce similar results, 

further validating the model and justifying its unilateral use (Carli et al., 2016; Losh, 2010; Wyer 

et al., 2010). The stereotype content model also converges neatly with other existing theories, 

such as role congruity theory, which posits that the mismatch between stereotypes of women and 

stereotypes of leaders produces some of the prejudice that women face in leadership positions 

(Eagly & Karau, 2002). Like leaders, scientists are perceived as more agentic and less 

communal, while women are generally stereotyped as the opposite (Diekman et al., 2010). 

Interventions using this framework have found that addressing perceptions of communality and 

warmth in STEM can increase STEM interest in marginalized groups, providing further 
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experimental support for the stereotype content model (Pietri et al., 2020; Zahry & Besley, 

2019). 

Possible selves and identity-based motivation 

The concept of possible selves was introduced by (Markus & Nurius, 1986) to 

complement ongoing identity and self-concept research. The ideas of possible self theory are 

loosely tied to those from role identity theory and Erikson’s identity formation theory, but it does 

not cite them directly. Like role identity theory, possible self theory has an operating definition 

of identity that is cognitively focused, with an emphasis on self-schemas and how they impact 

attention and reasoning (Markus & Nurius, 1986). Unlike the other theories discussed 

previously, possible selves theory incorporates an element of time into its framework. This 

allows it to differentiate between past and present selves -- which most other identity research 

focuses on -- and future visions of the self that can be desired or dreaded (Markus & Nurius, 

1986; Stets & Burke, 2000). As possible selves are derived from past selves, this theory allows 

researchers to examine how identity is constructed by the individual and how it is shaped by 

social constraints and affordances. For all that they are future-oriented, however, possible selves 

also have an impact on the present, and so possible selves theory also allows for close 

examination of current-day behaviors and their motivations. 

The focus on internal processes makes possible selves theory similar to role identity 

theory. But while role identity theory proposes that role identities help individuals determine the 

best and most appropriate behavior for a situation (Stets & Serpe, 2013), possible selves help 

determine present behavior by incentivizing ideal behaviors and providing an interpretative lens 

for an individual’s current experiences. In the case of desired possible selves, they can provide 

motivation and hope for the future: in the case of dreaded possible selves, they can act as an 



13 
 

invisible prison that stifles current behavior (Markus & Nurius, 1986). As Markus & Nurius 

(1986) point out, however, “Positive and negative possible selves are alike, however, in that they 

often make it difficult for an observer to fully understand another person's behavior” (p. 963). 

The influence of possible selves on present activity, and how they can produce 

idiosyncratic behaviors that are opaque to outsiders, are a key element of Oyserman’s identity-

based motivation theory, which examines the theory of possible selves while focusing on 

behavior (Oyserman, 2008). Oyserman’s work is developed primarily in educational contexts, 

and she theorizes that students struggle to create positive school-focused possible selves due to 

clashes between their present and future selves. In short, when a possible self feels unattainable 

or is incongruent with a current, valued identity, students disengage from their academic 

environment to focus their attention elsewhere (Oyserman, 2008). 

Many forces can produce incongruence between present/possible selves or can make 

possible selves seem unattainable, but Oyserman focuses on a few in particular. One is the effect 

of stereotypes and stigma, specifically racial/ethnic stereotypes about academic performance and 

intelligence. Devoting attention and resources to the attainment of a positive school-focused 

possible self becomes more difficult when images of failure are more readily accessible (i.e., 

action readiness; (Oyserman & Lewis, 2017). Additionally, when students struggle in situation 

linked to school-focused possible selves, they interpret their difficulty differently (i.e., 

interpretation of difficulty). If the positive school-focused self is less congruent or attainable, the 

difficulty is interpreted as a cue that the possible self is not a true reflection of themselves (i.e., 

dynamic construction). The opposite is also true: if the positive school-focused self is valued and 

perceived as attainable, the same difficulty can be interpreted as a cue to pay attention and exert 

additional effort (Oyserman, 2015). 
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Science and engineering identities 

Key to this review are discussions of science and engineering identities, which so 

far have been discussed only in relation to other theories. A passage earlier in the paper 

described foundational theories as large currents in a pool of water, and smaller theories 

and studies as eddies that spin off from that current and create their own pockets of 

movement. In this analogy, science and engineering identities are some of those eddies, 

and as might be expected, do not have the stability and clarity of definitions of the other 

theories mentioned. Additionally, much of the work regarding science identity takes a 

relatively atheoretical approach; although study underpinnings are usually informed by the 

broad strokes of an identity theory, the theories themselves are rarely discussed and 

authors rarely address the theory in relation to their findings (for an example, see Chu et 

al., 2018). One of the goals of this review is to argue for the necessity of some system or 

product that consolidates and synthesizes findings from a branching array of studies into 

something that can be used to test and refine theories (in addition to sharing knowledge 

and fostering collaboration). To further this goal, we will introduce the frameworks used in 

the studies featured in this review, with a focus on identifying points of conflict or overlap, 

rather than aiming for a comprehensive recounting of the definitions and frameworks used 

in the many studies of science and engineering identity. 

James Gee’s (2000) article ‘Identity as an analytic lens for research in education’ 

directly spurred much of today’s conversation regarding identity in educational settings. It 

does not draw strongly from any established identity theories -- thus potentially heralding 

the absence of a strong theoretical background in STEM ed -- but the author’s proposed 

framework does reiterate much of what can be found in the social and role identity 
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theories. Approximately halfway through the article, which is discussion- and theory-based 

and does not present research results, Gee poses a crucial question: “How, on the grounds 

of moment-by-moment interaction, does recognition work such that some specific 

combination is recognized (or not) in a certain way, or contested or negotiated over in a 

certain way?” (p. 111). This question, echoing role identity theory with its focus on 

interpersonal interactions and negotiations, shapes much of what has emerged regarding 

science and engineering identity. 

Shortly after its publication, (Carlone & Johnson, 2007) cited Gee’s article in their 

study of 15 successful women of color as they proceeded through their studies and early 

career as scientists. Consistent with Gee’s (2000) argument, their results emphasized the 

importance of recognition in the development of science identity, and also the 

interpersonal by-play through which identities are developed and enacted from role 

identity theory (Carlone & Johnson, 2007). Specifically, the authors identified three types 

of science identity from discussions with their participants: research scientist identities, 

altruistic scientist identities, and disrupted scientist identities. They found that participants 

with research science identities fit neatly into the existing assumptions and norms of 

science, while participants with altruistic science identity spent more time reframing 

science as a “vehicle for altruism” (p. 1199) and re-crafting their social structures to create 

space for these new identities. The last group of participants -- those with disrupted 

science identities -- were still ultimately successful, but reported increased struggles due to 

race and gender bias, a lack of recognition from others, and a persistent sense of not 

fitting-in or being eternal outsiders.  
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This calls to mind themes from both role and social identity theories; attempts to 

enact the scientist role were met with incidents of bias and alienation, prompting 

participants to question their role identities and belonging. Persistent experiences of doubt 

and questioning led to the creation of a new prototype, that of the disrupted scientist, in 

which participants ultimately found belonging but were also ‘locked out’ of the more 

desired in-groups (Hogg, 2016; Stets & Burke, 2000; Stets & Serpe, 2013). Ultimately, 

these results informed a new model of science identity, one that placed science identity as 

a combination of three factors: performance, recognition, and competence (Carlone & 

Johnson, 2007). Given the results of their study, they paid special attention to the influence 

of scientist recognition, and framed other aspects of one’s identity -- e.g., role identities 

such as ‘student’ or social identities such as ‘Black’ or ‘white’ -- as external but interacting 

with one’s science identity. 

From this foundational understanding of science identity two threads of theory 

have emerged, both of which refined the concept of science identity but in different 

directions. The first thread uses possible selves theory and the stereotypes content model to 

extend the findings from Gee (2000) and Carlone and Johnson (2007). Specifically, this 

approach emphasizes the ways in which stereotypes of scientists -- which follows the 

warmth/competence dichotomy outlined above, and have strong race and gender 

components largely neglected by the existing model -- impede the development of possible 

scientist selves among many students, particularly students of Color (Schinske et al., 

2016). This theoretical approach attempts to combine several threads of research, and puts 

forth a framework that is well-suited to interventions. In critique of this theory, however, it 

should be noted that it is fairly undeveloped and not used outside a few studies, most of 
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which are conducted by the author of this dissertation and currently unpublished. 

Additionally, science identity in this framework has only been measured through a 

quantitative qualitative method, in which students’ written responses were coded and 

percentages of stereotyping/non-stereotyping language were calculated. 

In contrast, the second thread of theory drew directly from Carlone and Johnson 

(2007) and created a robust quantitative scale for measuring science and engineering 

identities. While Carlone and Johnson (2007) identified three components of science 

identity (recognition, performance, and competence), further development saw the scale 

refined into three slightly different constructs: performance/competence (a combination of 

the previous performance and competence), interest (a new factor), and recognition 

(consistent with previous work; see Figure 4 for an illustrative model; (Patrick et al., 

2018). This iteration of the model, sometimes called the PCIR model (an initialism derived 

from its central constructs) was first tested in an examination of physics identity where the 

authors found that increased physics identity was linked to interest in a physics career and 

higher intrinsic fulfillment (Hazari et al., 2010). This prompted many further studies that 

used the PCIR model to examine the relationship between identity and academic 

achievement (for examples, see (Close et al., 2014; Dou et al., 2019; Patrick et al., 2018). 

Although it originated in the science and physics spaces, the PCIR model has also been 

adapted for use in engineering spaces (Borrego et al., 2018; Godwin, 2016). A number of 

studies have since linked engineering identity to many constructs and outcomes of interest, 

including engineering practices, intentions to persist, degree progression, classroom 

belonging, ontological beliefs, and array of non-cognitive factors like self-control, test 

anxiety, motivation, and personality (for examples, see Choe et al., 2019; Godwin & Lee, 
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2017; Schar et al., 2017; Scheidt et al., 2019; Verdin et al., 2018; Verdín & Godwin, 

2018). Although this approach has a strong method for measurement, it is not strongly 

grounded in theory. It focuses on the internal and interpersonal aspects of identity without 

considering the larger social context, which makes it difficult to analyze how science and 

engineering identities interact with social identities. 

Overview of research chapters 

Integrating multiple theories and studies into a shared, coherent framework will require 

close familiarity with the targeted studies, and careful thought about how to handle areas of 

conflict or overlap. The work in this dissertation was conducted under our current chaotic 

understanding of identity, and acts as an illustration of the need for more synthesis work and an 

example of how it might be done. Each of the studies addresses ongoing questions in science and 

engineering identity research, but also provides examples of the three main areas of conflict 

created by the current system: 1) overlap, which occurs when separate theories address similar 

aspects of identity in ways that are contradictory or incomplete; 2) siloing, which occurs when 

one strand of research leads to insights that are then not integrated into other strands; and 3) 

marginalization, which occurs when ‘foundational’ theories are developed under assumptions of 

racelessness, genderlessness, and classlessness (among others) and fail to integrate later findings 

that challenge these assumptions or extend the theory beyond its original window. 

The first study examines the effects of an intervention on the science identities of 

introductory biology students at a community college. Stereotypes present a homogenous view 

of scientists that may make students of Color and low-SES students feel unwelcome in STEM. 

This intervention exposed students to the images and histories of diverse scientists as a part of 

course curriculum, and examined its impact on students’ descriptions of scientists, how relatable 
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they found scientists to be, their science interest, and their final course grade. The quasi-

experimental design allowed for the comparison between intervention and non-intervention 

students in a diverse classroom and prompted the development of a website to help instructors 

find diverse scientists to feature in their classes (Scientist Spotlights Initiative, 2020). In addition 

to presenting an evidence-based intervention to the field, this study also establishes the theory 

linking stereotypes and possible selves and can act as a foundation for further testing and 

development. 

The second study examines the effects of students’ peer and advisor relationships on their 

graduate engineering identities. Although previous work has established that undergraduate 

students’ engineering identities benefit from positive peer and faculty relationships, the same has 

not been demonstrated for graduate students’ engineering identities. A critical view of these 

studies also reveals that many continue to frame whiteness and maleness as the invisible norm in 

engineering, by establishing theory with populations dominated by white men and then 

‘verifying’ it with other groups later. This study examines the interactions between students’ 

ratings of their peer and advisor relationships, their ratings of their own engineering identities, 

and their social identities (specifically focusing on the intersection of race and gender). Findings 

suggested that there are differences in graduate engineering identity between social groups, and 

that peer and advisor relationships can be a source of recognition but do not benefit all students 

equally. 

The third study examines students’ graduate engineering identities using Latent Profile 

Analysis (LPA), binary logistic regression, and hierarchical linear regression. The second study 

from this dissertation demonstrates the relationships between students’ social identities and 

graduate engineering identities, offering useful insight into aspects of engineering identity that 
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are consistently high or low for different groups. However, graduate engineering identity was 

developed for use as a single construct, in which the sub-domains of performance/competence, 

interest, and recognition interacted to produce the overall measure of engineering identity. To 

test how this might be accomplished, an LPA analysis was performed on the nine variables that 

made up students’ graduate engineering identities. This allowed for the identification of similar 

‘clusters’ of students, whose scores varied in similar ways and were significantly different from 

other clusters. These groups were then used in conjunction with other relevant predictors (e.g., 

degree progress, time spent pursuing degree, race/ethnicity, gender identity, and major) to predict 

students evaluation of their progress and their intentions to persist. The LPA analysis revealed 

three profiles of graduate engineering identity, which significantly predicted students’ intentions 

and progress above and beyond the additional predictors, providing evidence both of the 

identified profiles and the impact of graduate engineering identity.  
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Chapter 2: Scientist Spotlight Homework Assignments Shift Students’ Stereotypes of 

Scientists and Enhance Science Identity in a Diverse Introductory Science Class.1 

  

 
1 Schinske, J. N., Perkins, H., Snyder, A., & Wyer, M. (2016). Scientist spotlight homework assignments shift 
students’ stereotypes of scientists and enhance science identity in a diverse introductory science class. CBE—Life 
Sciences Education, 15(3), ar47 
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Chapter 3: An Intersectional Approach to Exploring Engineering Graduate Students’ 

Identities and Academic Relationships.2 

  

 
2 Perkins, H. L., Bahnson, M., Tsugawa-Nieves, M. A., Satterfield, D. J., Parker, M., Cass, C., & Kirn, A. (2020). 
An intersectional approach to exploring engineering graduate students’ identities and academic relationships. 
International Journal of Gender, Science and Technology, 11(3), 440-465. 
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Chapter 4: Engineering Identity in the Middle: Using Latent Profile Analysis to Explore 

the Predictors and Outcomes of Graduate Students’ Engineer Identities3 

Much as the stereotypical portrait of an engineer involves a man wearing a hard hat, the 

stereotypical portrait of an engineering student is often that of the proto-typical undergraduate: 

buried in books, but only temporarily, with a concrete, four-year goal -- graduate, get a good job, 

and let ‘real life’ begin (Knight & Cunningham, 2004). Consequently, it is easy to overlook 

engineering graduate students, whose classwork is minimal and whose timelines are murky. But 

relative invisibility is not the only challenge faced by engineering graduate students. Studies find 

an attenuation of student diversity throughout the STEM ‘pipeline’ that begins in K-12 and 

continues to graduate school (Clark Blickenstaff, 2005). As marginalized students leave or are 

pushed out, fewer students from underrepresented groups enter, and thus engineering becomes 

more homogenous and exclusive as the relative rank increases (Wendler et al., 2010a). This 

implies serious issues for the field of engineering. Engineering graduate students contribute to 

vital research during their tenure as students and are the next generation of teachers and 

researchers. In an increasingly diverse society grappling with violence and climate change, they 

will be the ones find solutions and determine the future of the field (Griffiths, 1995; Leshner & 

Sherer, 2018).  

Chronic issues of underrepresentation and marginalization thus become immediate issues 

of diversity and long-term issues of equity and access, and the need to study and support 

graduate engineering students as a population distinct from their undergraduate peers is critical. 

Graduate engineering programs differ from undergraduate programs in several ways, but most 

noticeably in the focus on independent research and shortage of campus resources (Adams, 1993; 

 
3 Heather Perkins, Matthew Bahnson, Marissa Tsugawa-Nieves, Derrick Satterfield, Mackenzie Parker, Cheryl Cass, 
& Adam Kirn 
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Luchini-Colbry & Gonzalez, 2014). These issues are manifested in high attrition rates and in 

measures of health and stress. Attrition is particularly an issue for underrepresented groups, such 

as racial minorities, women, or students from low-income families (Leshner & Sherer, 2018). 

And wellbeing is an issue for all students, as over half of all doctoral and Master’s students 

report high levels of stress, poorer diet, and serious mental health issues (Smith & Brooks, 2015). 

Additionally, graduate students report constant struggles with work-life balance, poor advisor 

and/or mentor relationships, and consistent feelings of isolation and alienation (Evans et al., 

2018; Wei et al., 2011).  While resolving these issues will take time, research indicates that many 

of the isolating and exclusionary messages communicated by current policies can be countered 

by increasing students’ engineering identities (Godwin, 2016; Patrick et al., 2018; Patrick & 

Borrego, 2016a). 

Engineering identity, an example of a role identity (Godwin, 2016; Stets & Serpe, 2013), 

captures the extent to which individuals describe themselves as engineers and feel that they 

belong in the field. Recent work has focused on the internal aspects of engineering identity and 

has identified three main components that comprise students sense of self as an engineer: interest 

(e.g., desire to learn more about engineering), performance/competence (e.g., perceived ability to 

successfully complete engineering tasks), and recognition (e.g., whether one is perceived as an 

engineer by others; Godwin, 2016). Early work with graduate students suggests that graduate 

engineering identity (GEI), like undergraduate engineering identity, has three sub-constructs of 

interest, performance/competence, and recognition, but across three new domains -- engineer, 

scientist, and researcher -- reflecting the increased focus on research in graduate school (Choe & 

Borrego, 2019; Perkins et al., 2017b, 2018). Within this framework, researchers have begun to 

examine how graduate students’ engineering identities develop, function, and impact success. 
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For instance, factors such as affirming peer and advisor relationships contribute positively to 

graduate engineering identity, but the impact is manifested differently for men and women from 

different racial groups (Perkins et al., 2020). Similarly, undergraduate research experiences are 

linked to stronger engineering identities across all domains (i.e., not just the research identity 

domain; (Bahnson et al., 2019; Crede & Borrego, 2012; Perkins et al., 2018). It is not only the 

development of GEI that is important to this discussion -- although previous work indicates that 

it is predictive of academic and professional success for undergraduates, the benefits of 

engineering identity for graduate students is largely unexplored. 

Consequently, this study seeks to build upon this growing body of work by examining 

graduate students’ engineering identities in relation to their social identities, experiences, degree 

progress, and intentions to persist. Social identities, such as students’ gender identities or 

racial/ethnic backgrounds, have been found to predict interest and engagement in undergraduate 

engineering studies (Benson et al., 2017), a finding largely attributed to stereotypes of engineers 

and climates of competition and hostility (Blackburn, 2007; Cuddy et al., 2008; MacLachlan, 

2006; Settles et al., 2016). Although women and students of color remain underrepresented in 

graduate engineering education, it is not yet clear whether this shortage is due to earlier attrition 

or to ongoing negative experiences tied to students’ social identities (Benson et al., 2017; Foor et 

al., 2007; Godwin & Potvin, 2015). The impacts of graduate school experiences on engineering 

identity are also understudied. Qualitative work with students suggests that they use these 

experiences to navigate their competence and belonging as engineers, and thus it is worthwhile 

to further investigate the effects of these negative experiences to create a foundation of theory 

and research for future work (McAlpine & Lucas, 2011). 
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Additionally, the field of engineering is not homogenous. It consists of many separate 

disciplines, all of which have different traditions of engineering and research, and some of which 

are not viewed as truly ‘engineering’ (Bielefeldt & Canney, 2016; Canney & Bielefeldt, 2015; 

Kirn et al., 2012; Rawle et al., 2017). Comparing the engineering identities of students in 

different disciplines and programs can help shed light on discipline-specific factors that erode or 

bolster students’ engineering identities and perhaps explain why students in some disciplines are 

more likely to leave the field (Beasley & Fischer, 2012; Geisinger & Raman, 2013). Lastly, 

although numerous studies and reports highlight the importance of persistence and retention in 

graduate education, and specifically in graduate engineering education, it is not clear whether 

graduate engineering identities continue contributing strongly in this area (Leshner & Sherer, 

2018; Wendler et al., 2010b). It may be that as students progress from their undergraduate 

studies into graduate school, new factors (such as how they perceive the future, how they 

interpret task difficulty, or the strength of their social networks and support systems) eclipse the 

effect of identity on retention and progress. Confirming that this is not the case is an important 

first step before developing interventions that target graduate engineering identity to increase 

student persistence and success. 

The Current Study 

This study will take an exploratory approach in identifying patterns of engineering 

identity in graduate students, and then examine how students’ engineering identities relate to 

other factors like social identity, experiences, and intentions to persist. There are three central 

research questions at the heart of the study: 

(1) Using students’ evaluations of their engineering identities across three domains (scientist, 

engineering, and researcher) and three sub-constructs (recognition, interest, and 
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performance/competence), are there latent identity profiles within the larger population of 

graduate engineering students? In other words, do groups of students exhibit similar 

patterns of engineering identity that are not visible using a variable-centered approach? 

(2) How do these profiles, if they emerge, relate to other student characteristics such as their 

social identities, time enrolled in graduate school, or degree milestones completed? 

(3) How do these profiles, if they emerge, relate to students’ ability to evaluate their degree 

progress and their ultimate intentions to persist? 

To answer the first question, we will use latent profile analysis (LPA) and the established 

Graduate Engineering Identity framework (GEI) to examine students’ engineering identity 

scores, identify latent groups, and characterize them in relation to one another. Although there is 

a growing branch of behavioral and educational research that uses LPA and other person-

centered (also known as data-driven) analyses, this technique is still fairly novel. Thus in 

addition to helping us examine GEI, this analysis will also provide the opportunity to further test 

and evaluate the use of LPA in the social sciences. 

To answer the second research question, we will examine the relationship between the 

profiles and five predictors of interest: students’ racial/ethnic identities, students’ gender 

identities, the time they have spent pursuing their graduate degree, the number of degree 

milestones they have completed, and their primary concentration or discipline. As these 

predictors have been consistently identified as relevant to undergraduate engineering identity, we 

seek to confirm how they relate with GEI and thus better understand how GEI develops. For the 

third question, we will treat the latent profiles as independent variables and examine inter-group 

differences in intentions to persist and evaluations of degree progress. By controlling for the 

effects of race/ethnicity, gender, time pursuing degree, milestones, and discipline, we can 
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evaluate the role that GEI plays in persistence and progress at the doctoral level independent of 

other relevant factors. This will provide valuable information about whether to target GEI as a 

point of intervention when discussing persistence and the larger issue of graduate student 

wellbeing. 

Why Latent Profile Analysis (LPA)? 

Latent profile analysis (LPA), and the larger field of mixture modeling, has been referred 

to as “the art of unscrambling eggs” (Oberski, 2016, p. 1). A form of cluster analysis, it is used to 

identify hidden groups within a population through analysis of multivariate data, and is 

conceptually quite similar to factor analysis (and, like factor analysis, uses fit indices and 

researcher judgement to determine significance, instead of relying on traditional p-values). In 

factor analysis, researchers examine participants’ responses to individual items to identify latent 

variables, or underlying constructs that drive participant responses to individual items 

(Tabachnick & Fidell, 2019). By identifying these latent variables and combining individual item 

responses into composites, researchers can reduce noise and measurement error, thus obtaining 

more accurate measures of the relevant constructs. Similarly, in LPA researchers examine 

participant responses to individual items to identify latent groups that share patterns of thought 

and behavior (Oberski, 2016). By identifying these latent groups, researchers can take a bottom-

up approach to analysis and theory-building that prioritizes participants’ reports, voices, and 

experiences instead of researchers’ preconceptions and potential biases. 

When it comes to engineering identity, LPA offers the valuable opportunity to examine 

engineering identity with attention to its social aspects. Group membership is both fluid and 

rigid; it is often portrayed as a binary -- one is either ‘in’ or ‘out’ of the group -- but individuals 

frequently discuss the degree to which they maintain multiple social identities (Hogg, 2016; Stets 
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& Serpe, 2013). The continuous data collected from participants and the clusters identified by the 

LPA reflect (1) the process of ascribing to an identity, and (2) the process of navigating an 

identity socially or culturally. Regarding the first point (1): individuals plausibly relate fluidly 

with some aspects of targeted identities and reject others, thus negotiating their overall ‘identity’ 

in the area. For instance, one student may report high competence in engineering but less 

recognition and little interest, while another reports low competence and recognition but high 

interest. Both students may achieve similar numeric ratings of engineering identity but in truth 

have very different experiences -- the first perceives themselves as capable but disinterested, 

while the second is more passionate but struggling to develop and display mastery. A variable-

centered approach to engineering identity would likely classify these students as the same or 

similar, while a person-centered approach (such as LPA) can better attend to their differences. 

Regarding the second point (2; the process of navigating an identity socially): identities 

help individuals navigate the social world by ascribing to in-groups and rejecting out-groups 

(Hogg, 2016) If a small number of individuals fit the second model described above (high in 

interest, low in competence and recognition) then that model is not an ‘identity’ per se, but an 

instance of individual variability. If a significant percentage of the population demonstrates this 

pattern, however, we have identified a characteristic way in which graduate students engage with 

engineering and with each other, e.g., an ‘identity’. Thus, although LPA is reductive -- producing 

categorical output that is less rich and nuanced than its multi-dimensional, continuous input -- it 

is also more reflective of how identity occurs in practice. 

An LPA analysis of engineering identity also allows us to identify patterns in students’ 

engineering identities independent of their other identities, thereby reducing opportunities for 

researcher-, theory-, or field-driven biases. For instance, statistical tests like ANOVA can only 
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compare researcher-defined groups and cannot identify categories as they emerge from the data. 

When using these tests, best practice is to define groups or categories according to theory or 

previous work (e.g., race/ethnicity) and then compare the groups’ scores on a continuous 

dependent variable (e.g., science identity) for differences (Tabachnick & Fidell, 2019). However, 

this produces no independent or empirical evaluation of the dependent variable and its values. 

Thus the difference between the group means may be theoretically and statistically significant 

according to post-hoc reasoning that is influenced by the researcher’s chosen frame. To illustrate 

this point -- if we were to compare grades in a math class using an ANOVA, we might find a 

significant difference between groups A and B (whose mean scores are 94 and 99, respectively). 

This finding may also be considered meaningful, as this is also the difference between an A and 

an A+ in most classes. In this case, the interpretation of the dependent variable occurs after and 

in relation to the categories the researcher has chosen. 

However, an LPA of the dependent variable may identify two subpopulations with means 

of 96.5 and 88, with the previously identified groups (94 and 99) clustered into the same group 

of high-achievers, suggesting that they are not distinct after all. By using these profiles as a 

dependent variable, the researcher is thus able to determine if assignment to a subpopulation 

(Groups A and B) corresponds with empirically validated groups within the dependent variable. 

In other words, the interpretation of the dependent variable occurs before the researcher chooses 

their categories, thus reducing the potential for confirmation bias. In summary: although LPA is 

still a developing technique that lacks the conventional certitude of statistical significance 

testing, it provides several benefits that make it worth using alongside traditional, variable-

centered analyses. 
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Method 

Participants 

A national, stratified sample of U.S. graduate students were asked to participate in a 

study about their experiences, identities, and motivations. Graduate students from approximately 

120 institutions were invited to participate, with a final sample of 1754, over half of whom were 

doctoral students (n = 1189). Because Master’s and doctoral programs differ in a number of ways 

-- such as time to degree, financial costs and rewards, and applied or research focus -- students 

not enrolled in Ph.D. programs were dropped from the current analysis. For an overview of our 

final sample and their degree progress, gender identities, races, ethnicities, and disciplines, see 

Table 1. 

Measures 

Three scales, initially established for use with undergraduate engineering students and 

refined and validated for graduate students, were used to assess graduate engineering identity 

(Perkins et al., 2018). Participants were asked to rate their agreement/disagreement on a 5-point 

Likert scale regarding their recognition, performance/competence, and interest as engineers, 

scientists, and researchers (see Appendix 1 for a full list of items). This resulted in nine scores 

across three domains and three sub-constructs (see Figure 1). Two items were used to evaluate 

students’ progress and intentions to persist. The first was drawn from interview data in which 

students discussed the absence of clear goalposts and milestones in graduate engineering 

education (“I find it difficult to evaluate my degree progress”); the second was rooted in standard 

measures of intentions to persist (“I intend to complete my graduate degree”). The first item was 

reverse-coded, and both were averaged to create the intentions and progress variable (IP). A 

comprehensive demographics section was used to collect data about students’ backgrounds and 
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identities (Fernandez et al, 2016). For this study, items that asked about students’ degree 

progress, time spent pursuing their engineering graduate degree, race/ethnicity, gender identity, 

and discipline were used (see Appendix 3). 

Analysis 

Data Cleaning 

A missingness analysis was conducted to evaluate patterns in skipped survey items 

(excluding demographics). As less than 5% of the data for targeted items was missing, we 

dropped participants (n = 14) who skipped the included items per recommendations from the 

literature (Tabachnick & Fidell, 2019) for more information about specific procedures used with 

this sample, see (Perkins et al., 2019; Tabachnick & Fidell, 2019). To screen for outliers, 

participant responses to the 48 GEI items were checked using Mahalanobis’ distance (the 

distance between a point, p, and the rest of the distribution). Cutoffs for Mahalanobis’ vary 

depending on the source: a common rule of thumb for a normal distribution is to use a Chi-

square cut-off as a threshold (with the number of variables being tested as the degrees of 

freedom; (Tabachnick & Fidell, 2019). With 44 items used in the outlier analysis, the resulting 

cutoff (75) dropped 179 participants. 

Time spent pursuing a degree was calculated by subtracting the year students began their 

studies from the year the survey was completed. As most degree programs require students to 

complete their comprehensive exam first, dissertation proposal second, and dissertation defense 

third, participants’ degree progress was coded according to this highest milestone completed. 

Regarding race/ethnicity and gender, students were presented with multiple options and asked to 

select all that applied. Categorical codes were used to organize students by gender, 

race/ethnicity, and discipline. Of the 996 participants who remained in the dataset after screening 
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for missingness and outliers, 957 participants identified as male or female (this includes 36 

students who also selected the provided ‘Cis’ option and 3 students who also selected the ‘Trans’ 

option in addition to one of the ‘Male’/’Female’ options), 11 identified as agender, genderqueer, 

or provided a written response, and 28 did not respond. Because there were so few participants 

identified as non-binary, the dataset was limited to cis and trans participants who identified as 

male or female. 

Similarly, participants were provided with 8 potential responses when asked about their 

race or ethnicity, which included the option for a write-in (n = 15), the ability to select multiple 

categories (n = 81), and the option to leave the question unanswered (n = 31). Of the 957 

participants who identified as male or female, 500 identified as White (52%) and 272 identified 

as Asian (28%), with the remaining 185 students (19%) identifying as multiracial (8%), Middle 

Eastern or North African (4%) Hispanic, Latino, or Spanish origin (3%), and Black or African 

American (2%). Consequently, students’ race/ethnicities were coded as White, Asian, or Other 

Under-Represented Students of Color. Lastly, students were also asked to report their discipline 

or program focus as a write-in. Responses were categorized into 28 commonly reported 

disciplines and organized by size within the participant population (Roy, 2018). 

Latent Profile Analysis 

We used the R package mclust to identify latent profiles among participants. This tool 

uses model-based clustering to predict the parameters of the hidden groups and calculate the 

posterior probability, or likelihood that a case will fit into each of the groups. These values are 

iteratively refined through an expectation maximization (EM) algorithm, until either the 

parameters stop changing or the model fails to converge (Scrucca et al., 2016). For an 

exploratory approach to LPA, such as what we used here, it’s recommended to run nine models, 
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each with an increasing number of latent classes (starting with a single-class model). Once the 

models have been run, researchers must determine which model has the best fit. Various fit 

statistics are produced, with the AIC (Akaike Information Criterion), BIC (Bayesian Information 

Criterion), and BLMRT (Bootstrapped Lo-Mendell-Rubin Test) almost always reported. The 

AIC and BIC penalize larger models (e.g., models with more classes) slightly more heavily, thus 

producing more parsimonious solutions (Dziak et al., 2020). The BLMRT compares models by 

iteration (e.g., a model with two classes is compared to a model with three classes, a model with 

three classes is compared to a model with four, and so on). A significant BLMRT indicates that 

the model with more classes has a significantly better fit than the one before it, and thus provides 

a ‘cut-off’ for the number of latent classes that should be included (Magidson & Vermunt, 2012; 

McLachlan & Peel, 2004). Although frequently used, this test is not available in the mclust 

package, but a functionally similar BLRT (Bootstrapped Likelihood Ratio Test) is provided in its 

place. 

In addition to the listed fit statistics, entropy is usually considered as well, although it is a 

measure of the average accuracy in assigning cases to profile and not a fit statistic per se. 

Entropy plots, similar to scree plots, are used to identify the best number of classes for the model 

(Ramaswamy et al., 1993). Other fit statistics commonly reported include the ABIC (Akaike 

Bayesian Information Criterion), the CAIC (Consistent Akaike Information Criterion), and the 

ICL (Integrated Complete-data Likelihood). The ABIC, calculated from the BIC, is a bit less 

conservative than its predecessor. The CAIC is the opposite -- it is derived from the AIC score 

mentioned above, but includes a more stringent penalty for classes and thus produces more 

parsimonious solutions. Similarly, the ICL is offered as a complement to the BIC score, with 
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additional penalties that recommend models with fewer latent classes (DiStefano & Kamphaus, 

2006). 

The fit statistics used in model evaluations vary across studies; for our data and our 

sample size, we gave greater weight to more conservative statistics (BIC, CAIC, ICL) to avoid 

the formation of spurious groups (e.g., groups that consist of less than 5% of the total sample 

population) and to avoid statistical overfitting. As recommended by Dziak, Coffman, Lanza, & 

Li (2020), we primarily used the fit statistics to eliminate models from consideration. Posterior 

probabilities (also called conditional probabilities) were calculated for all participants across all 

profiles, indicating the likelihood that the individual belonged to that profile. The resulting 

models were graphed (using standardized scores and raw scale scores) and analyzed visually for 

their parsimony and theoretical fit.  

Profile Investigations 

Profile Predictors. To explore the relationship between the assigned identity profiles and 

predictors of interest, five tests were used. The associations between time enrolled, degree 

progress, and participant profile was tested via binary logistic regression. This analysis calculates 

the odds of being assigned to profile 1 versus profile 2 and profile 3 versus profile 2. Profile 2, 

the mixed profile, was chosen as the reference group in order to frame results in terms of worse 

or better outcomes (e.g., participants with the indicated response pattern were more likely to be 

assigned to the low-identity profile). The relationships between gender, race/ethnicity, and 

profile were evaluated via Chi-square tests. Seven of the responding disciplines had cell sizes 

large enough for Chi-square analysis (> 5; Sharpe, 2015), and so these seven (Biomedical 

Engineering, Chemical Engineering, Civil Engineering, Computer Science, Electrical 
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Engineering, Material Science and Engineering, and Mechanical Engineering; total n = 706) 

were used as groups in the final Profile Predictor analysis. 

Profile Outcomes. To demonstrate that students’ assigned identity profiles are related to 

their intentions and progress (IP), a hierarchical linear regression was used. A linear regression 

was chosen because the dependent variable (IP) is continuous, and hierarchical modeling was 

used to test whether participants’ assigned identity profiles explained more variability than the 

predictors alone. 

Results 

Latent Profile Analysis 

Review of the entropy plot recommended a 4-class solution, while the BLRT suggested 

that a model with 7 or fewer classes would be best. Review of the BIC, CAIC, and ICL scores 

suggested that the 4, 5, 6, and 7-class models would best fit the data. Entropy scores of all four 

solutions were high (> .9), with the 4-class model producing the highest score (.96). However, 

most of the solutions showed issues with spurious groups: only the 2- and 3-class solutions had 

more than 5% membership in all groups, but they also had the lowest BIC, CAIC, and ICL 

scores of the lot (see Table 2). In an attempt to maximize entropy while emphasizing fit scores, 

the 3, 4, and 5-class models were selected for further comparison. Of the three tested solutions, 

the 3-class model provided the best fit for the data: it prevented the development of excessively 

small groups and provided a more straightforward interpretation than either of the other 

solutions, with students grouped into Identity Low (n = 553), Identity Mixed (n = 316), and 

Identity High (n = 127) profiles (see Figure 2). The names for these three groups were created 

based on their overall GEI score as compared to the mean, but it’s important to note that both the 
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Identity Low and Identity Mixed groups showed heterogeneity in their domain identity scores, 

specifically when comparing engineering identity to scientist and researcher identities. 

Profile Investigations 

Profile Predictors. The first predictors tested were time spent pursuing degree (in years) 

and degree milestones completed. Since not all degree programs use the same milestones, survey 

participants were given the option to select ‘Not Applicable’ when reporting their completed 

milestones. Thus participants who selected ‘Not Applicable’ or indicated no milestones 

completed were dropped from this analysis, as there was no reliable way to evaluate degree 

progress for these students (n = 348). The resulting analysis is thus restricted to students who 

completed at least one milestone in a traditionally structured program (one that required students 

to complete their comprehensive exams, dissertation proposal, and dissertation defense, in that 

order). Participants who spent more than 7 years pursuing their degree (n = 42) were also 

dropped from this analysis, as they may have taken time off from their pursuit or experienced 

other complications that render their experiences less generalizable to the overall population. 

Although dropping these participants was necessary to ensure interpretability and applicability of 

results, this also resulted in dropping a large number of participants from the pool, resulting in a 

smaller sample for this analysis (n = 555) and small cell sizes for some of the sub-groups (e.g., 

only two participants spent four years pursuing their degree and achieved three milestones). All 

of these limitations must be kept in mind when interpreting the results of this set of analyses. 

The first binary logistic regression tested for relationships between time spent pursuing 

degree (in years), degree milestones completed, and assignment to Profile 1 (Identity Low) 

versus Profile 2 (Identity Mixed), and there were no significant effects of time or progress. In 

other words, time spent pursuing degree and degree milestones aren’t related to profile 
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assignment when comparing students in profiles 1 and 2. The second binary logistic regression 

tested for relationships between time spent pursuing degree, degree milestones completed, and 

assignment to Profile 3 (Identity High) versus Profile 2 (Identity Mixed). The main effect of 

progress was found to be significant (p = .022; see Table 3), and students who had completed 

more degree milestones were more likely to be assigned to Profile 3 (Identity High). There was 

also a significant interaction (p = .008; see Table 3) which indicates that the likelihood of being 

assigned to Profile 3 is different for students who have spent more or less time pursuing their 

degree (see Figure 3). For instance, if we were to compare two students in their second year, we 

would find that the student with fewer milestones would be more likely to belong to Profile 3. 

However, the number of participants in Profiles 2 and 3 who completed three milestones was 

much smaller (n = 17) than the number with two (n = 81) or one (n = 128) milestones, and so 

these findings should be interpreted with extreme care. 

Chi-square tests were used to compare representation across the three identity profiles. 

Non-significant results would indicate that participants are equally distributed across profiles, 

e.g., gender is not related to identity profile assignment. When results are significant, analysis of 

the standardized residuals (SR) indicates which groups are over- or under-represented, and in 

which profile this occurs. Significant effects were found for all three tests. In the first test, 

assessing the relationship between gender and profile assignment, women were marginally over-

represented and men marginally under-represented in Profile 2 (Identity Mixed); χ2 (2) = 6.13, p 

= .047 (see Table 4). The second test, evaluating the relationship between race and profile 

assignment, was also significant: χ2 (4) = 12.46, p = .014 (see Table 4). Asian students were 

over-represented in Profile 1 (Identity Low) and marginally under-represented in Profile 2 

(Identity Mixed), and White students were over-represented in Profile 3 (Identity High). Other 
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under-represented students of color were potentially over-represented in Profile 2 and under-

represented in Profile 3, but these results did not meet the recommended cutoff (SR > |2|) and so 

cannot be considered meaningful. 

The third test assessed the relationship between students’ disciplines and assigned 

profiles, χ2 (12) = 34.96, p < .001 (see Table 5). In Profile 1 (Identity Low), students from 

Biomedical Engineering were significantly under-represented while students from Civil 

Engineering were significantly over-represented. In Profile 2 (Identity Mixed), students from 

Electrical and Civil Engineering were under-represented while students from Material Sciences 

and Biomedical Engineering were over-represented. For Profile 3 (Identity High), students from 

Material Science & Engineering were under-represented while Electrical Engineering students 

were overrepresented. In short, these results indicate that Material Sciences, Electrical, 

Biomedical, and Civil Engineering students were not evenly distributed across the three profiles. 

Civil Engineering students were more likely to belong to the profile with the weakest identity 

scores (Identity Low), while Biomedical and Material Sciences students were more likely to 

belong to the mixed profile (Identity Mixed). Electrical Engineering students were the only 

group that was more likely to belong to the high profile (Identity High). 

Profile Outcomes. These tests sought to evaluate the relationship between profile 

assignment and intentions and progress. The first step established the relationships between the 

previously studied predictors (progress, time spent pursuing degree, gender, race/ethnicity, and 

discipline) and intentions and progress. When compared to the null model, this model was 

significant (R2 = .05, F(13,630) = 3.62, p < .001), with progress and discipline acting as 

significant predictors (F(13,630) = 8.34, p < .001 and F(13,630) = 2.87, p = .009, respectively; 

see Table 6). The second step added participants’ assigned identity profiles and was significant 
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on its own (R2 = .11, F(15,628) = 6.12, p < .001) and when compared to the first model 

(F(15,628) = 20.93, p < .001). Progress and discipline were significant predictors of intentions 

and progress (F(15,628) = 8.86, p < .001 and F(15,628) = 3.05, p < .001, respectively) as were 

students’ assigned identity profiles, F(15,628) = 20.94, p < .001 (see Table 6). A separate 

ANCOVA was used to test for mean differences between the identity profiles, with the other 

predictors entered as covariates, and was significant: F(2,628) = 20.74, p < .001, ήp
2 = .06. When 

compared to Profile 1 (Low; M = 3.86, SE = .05), Profile 2 (Mixed; M = 4.17, SE = .06) had 

higher IP scores, t(628) = -5.13, p < .001, as did Profile 3 (High; 4.29, SE = .08), t(628) = -5.03, 

p < .001. Profiles 2 (Mixed) and 3 (High) did not differ significantly, t(628) = -1.30, p = .393. 

Discussion 

To briefly summarize the results discussed above: three graduate engineering identity 

(GEI) profiles (Low, Mixed, and High) were identified through latent profile analysis (LPA). To 

validate these profiles, we tested them in relation to five predictors (time, progress, gender, race, 

and discipline) and one outcome (intentions & persistence, IP). Progress (alone and in interaction 

with time), gender, race, and discipline all significantly predicted profile assignment, further 

corroborating the relationships between students’ social and engineering identities. Most 

significantly, profile assignment predicted intentions and persistence even when controlling for 

other predictors, demonstrating that graduate engineering identities contribute uniquely to 

students’ intentions and progress rather than acting as a proxy for other identities. In this section, 

we will review the results in more detail and connect them to the wider body of research, before 

providing recommendations for future research regarding engineering graduate students and 

engineering identity. 
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First we will focus on the results of the LPA. The profiles’ composition of underlying 

traits (i.e., scientist, engineer, and researcher identities) contributes significantly to our 

understanding of how students conceptualize their engineering identities. Immediately notable 

are the different sizes of the profiles: Profile 1 (Low) is the most common profile (n = 537, 56%), 

followed by Profile 2 (Mixed; n = 301, 31%) and Profile 3 (High; n = 110, 11%). Although 

Profile 1 is the largest, it is ‘below average’ in all domains/sub-constructs due to the 

disproportionate effects of the Mixed and High profiles’ higher means. The most common 

experience is low scientist and researcher identities with average engineer identities, followed by 

average-high scientist and researcher identities with below-average engineer identities. These 

two groups seem to stand in opposition to one another, the first being a group that identifies most 

with the engineer domain, the second drawn to the scientist and researcher domains. The third 

group, of course, is one in which students identify highly with all domains, but is also quite small 

(approximately 10% of the overall population). 

This paints an interesting picture of GEI and the importance of the three domains 

(science, engineering, and research). Previous qualitative work identified the scientist, engineer, 

and researcher identities as key to engineering graduate students (Perkins et al., 2017a). Defining 

the relationship between science and engineering is an ongoing debate; some argue that they are 

the same thing, while others argue that engineering is more practical or science is more universal 

(Ruben, 2017). How ‘research’ functions as a domain related to the other two also warrants 

further examination. Despite this, students in the High profile -- the group with the highest 

intentions and progress -- do not appear to prize one over the other. This suggests that for this 

group of students, all three domains were equally important. However, although all three 

domains are at play in students’ identities, they are not high or near the mean for most students. 
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In fact, when viewed overall, students with high IP scores appear to be characterized by strong 

scientist and researcher identities. As previous work has indicated the strong relationship 

between research skills (including writing and presenting; Bridgeman & Carlson, 1983; Liddell 

et al., 2014) and success as a graduate student, it may be that students in the Identity Low profile 

are confronting the reality that enthusiasm for engineering alone is not enough for success in 

graduate school, hence their lower IP scores. The centrality of scientist and researcher identities 

to success in graduate school may also explain why mixed profile students report significantly 

higher intentions and persistence than their Low peers, despite their comparatively low engineer 

identities. To summarize, these results suggest that graduate students need to draw from all three 

domains in order to be successful, but most students struggle to do so. In particular, the struggle 

to identify with the researcher and scientist domains is predictive of significantly lower 

intentions and progress, and the large group of students (Profile 1) with low scientist and 

researcher identities suggests that emphasizing engineering identity alone constitutes a major 

oversight in graduate engineering education. 

Next we will focus on the results of the profile investigations. When comparing 

participants assigned to Profiles 2 and 3, those who had completed more milestones were more 

likely to be in Profile 3 (High) than their peers. This aligns with findings regarding 

undergraduate engineering identity and retention, and suggests that a similar phenomenon occurs 

at the graduate level (Patrick & Borrego, 2016b). Since this data is cross-sectional, however, we 

cannot determine causality. It may be that students’ GEI’s increase as they complete more degree 

milestones, or it may be that students with higher GEI are more likely to persist and thus 

complete milestones. Also, there was no effect of milestones completed for participants in 

Profiles 1 and 2, suggesting that the effect, regardless of direction, is not uniformly felt. 
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Interpreting the interaction between time and progress is also complicated -- untangling the 

nature of the effect is challenging given the interrelatedness of the variables (time spent pursuing 

degree and milestones completed) and again, as the data is cross-sectional, no causal claims can 

be made. The significant interaction indicates that as participants spend more time pursuing their 

degree and complete more milestones, they are more likely to be assigned to Profile 3 (High). 

However, participants with less time and more milestones -- e.g., they have only been pursuing 

their degree for two years but have already completed their dissertation defense -- are more 

likely to be assigned to Profile 2 (Mixed) than 3 (High). Similarly, participants who have spent 

more time pursuing their degree but completed fewer milestones are also more likely to be 

assigned to Profile 2 (Mixed; see Figure 3). A tentative interpretation of these findings is that 

new students with many milestones and experienced students with few milestones report similar 

GEI because both groups have non-normative experiences.  However, given the reduced sample 

for this analysis, not to mention the small cell sizes for the interaction groups, these findings 

should be regarded as an indication that further work is needed and not a conclusion in and of 

themselves. 

The remainder of the profile investigations -- those looking at students’ genders, 

race/ethnicities, and disciplines -- are more readily interpretable. Previous work has articulated 

patterns in women’s decreased STEM and engineering identities when compared to men (Settles, 

2004). The current study allows us to confirm that this pattern continues for graduate students. 

Women are slightly overrepresented in Profile 2 (Mixed) and underrepresented in Profile 3 

(High), while the opposite is true for men. When reflecting on these results, it is important to 

note that women are overrepresented in the Mixed profile, but not in the Low profile (in fact, they 

are significantly, but not meaningfully, underrepresented). This suggests that, although gender 
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contributes to Mixed/High profile assignment, other factors better explain assignment to Profile 

1 (Low). When focusing on race/ethnicity, we see that White students (male and female) are 

over-represented in Profile 3 (High) and under-represented in Profile 1 (Low). As with gender, 

these findings suggest that patterns observed in undergraduate engineering research -- 

specifically that students of Color report weaker engineering identification than White students -- 

continue in the graduate sphere (Hurtado et al., 2015; Urias et al., 2013; White et al., 2019), and 

that graduate engineering spaces are also ‘white spaces’ which Black students (and other racial 

minorities) potentially perceive as hostile or otherwise off-limits (Anderson, 2014; Wilder et al., 

2019). 

The race/ethnicity analyses also offer unique information about engineering students of 

Color. In this analysis, the heterogeneous ‘students of Color’ was divided into two smaller, still 

heterogeneous groups: Asian students and other under-represented students of Color (see Table 1 

for more information about how participants were combined into groups; see Table 4 for analysis 

results). By creating these groups, we are able to examine how different patterns of 

underrepresentation and marginalization impact students. Our results indicate that Asian students 

are overrepresented in Profile 1 (Low), underrepresented in Profile 2 (Mixed), and slightly 

underrepresented in Profile 3 (High). In comparison, other underrepresented students of Color 

are overrepresented in Profile 2 (Mixed) and slightly underrepresented in Profiles 1 (Low) and 3 

(High). As Mixed profile students report lower GEI than High profile students, the 

overrepresentation of students of Color in this group can be considered congruent with previous 

findings (Lige et al., 2017). 

However, it’s important to note that students of Color are not overrepresented in the Low 

profile group and are in fact slightly underrepresented in it and in the High profile (see Table 4). 
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This suggests that underrepresented students of Color are most likely to experience mixed GEI, 

and to report a combination of high and low identification across domains, rather than uniformly 

low or high identification in all domains. As Black, Latino/a, and Native American students are 

often the only members of their race/ethnicity in their labs or classes, previous work has 

described how these students create peer groups by drawing from varied fields of study (White 

and Asian students, in comparison, have larger populations of same-race, same-discipline peers 

to draw from; (McGee & Martin, 2011; Ridgeway et al., 2018). These previous works may help 

explain our current findings -- specifically, that underrepresented students of Color experience 

greater identification with the more ‘general’ categories of science and research instead of 

engineering because engineering spaces have become locations of isolation and alienation. This 

may also contribute to the high rates of attrition for this group (Robinson et al., 2016; Sowell et 

al., 2015), as students of Color experience belonging and create affinity networks outside of 

engineering spaces and thus leave engineering for other STEM fields where they feel more 

welcome. 

When it comes to Asian students, however, there are fewer studies that examine their 

engineering identities as minorities who are ‘positively’ stereotyped in academia and ‘well-

represented’ in science and engineering, even as they encounter stereotypes, erasure, and 

violence in the larger public sphere (Chan, 1987; Thompson et al., 2016; F. Wong & Halgin, 

2006; Wu, 2008). The model minority stereotype attached to certain Asian ethnicities (largely 

those from parts of East, South, and West Asia) impacts Asian students in complicated but 

largely negative ways. ‘Positive’ biases regarding Asian students’ math, science, and engineering 

abilities sometimes mean that they are less vulnerable to stereotype threat, and even experience 

stereotype boost (Gans, 2012; Johnson et al., 2012; J. L. Smith et al., 2015). However, these 
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positive biases are accompanied by negative assumptions about Asian students’ foreignness, 

warmth, and communication skills, which are predictably detrimental to students’ belonging and 

performance (Lin et al., 2005; Orsuwan & Cole, 2007; Wei et al., 2011). Additionally, even 

‘positive’ stereotypes can result in assumptions about and negligence towards Asian students, an 

effect that is doubly detrimental to Asian students from underrepresented ethnic groups (Center 

et al., 2006; Islam et al., 2010; Lew et al., 2003). Additionally, much of the work around Asian 

students and their racial/ethnic identities is focused on male students and their experiences 

(Wong et al., 2012). Female Asian students encounter unique forms of racism and sexism from 

all corners and are often as underrepresented as more conventionally ‘marginalized’ racial 

groups despite receiving less institutional acknowledgement and support (Chan, 1987; Wu, 

2008). 

Despite these caveats, our analyses can still shed some light on Asian students’ 

experiences. As mentioned above, our analyses indicate that Asian students are overrepresented 

in Profile 1 (Low) and underrepresented in Profiles 2 and 3, suggesting that -- despite the 

presence of ‘positive’ model minority stereotypes -- they do not identify more strongly as 

engineers. Unlike Profile 2, however, Profile 1 is distinguished by low scientist and researcher 

identification and higher (but still low) engineer identification. Unlike other students of Color, 

Asian students often have same-race, same-discipline peer groups readily available; at the same 

time, they experience racism in which one of the ‘strengths’ of their group (high academic 

achievement) is weaponized for use against them (e.g., being ostracized as ‘nerds’, their 

experiences of racism being erased or denied, or the aforementioned academic neglect; 

Thompson et al., 2016; F. Wong & Halgin, 2006). This combination of factors may explain why 
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Asian students are overrepresented in a profile characterized by low scientist and researcher 

identities and higher (but still low) engineer identities. 

These analyses also shed light on the role that students’ disciplines play in their GEI. The 

distribution of disciplines across profiles offers valuable information about how students’ 

disciplines characterize their GEI, and how their GEI comes to characterize the discipline (see 

Table 5). For instance, Material Science & Engineering (MSE) students are overrepresented in 

the Mixed profile and underrepresented in the High profile; in contrast, Electrical Engineering 

(EE) students are underrepresented in the Mixed and overrepresented in the High profiles. This 

could be attributed to the relative ages of both fields. MSE is a newer, more interdisciplinary, 

and less well-defined field when compared to EE; EE, on the other hand, is deeply associated 

with the history and emergence of engineering and often linked to modern stereotypes (e.g., 

Tony Stark or Elon Musk). This could also be an effect of persistence and survivorship bias: 

although MSE students are overrepresented in the Mixed profile, EE has higher attrition. 

Students with mixed or low GEI may get ‘weeded out' of EE and thus go unobserved in cross-

sectional studies like this one (Geisinger & Raman, 2013). Taken altogether, EE more closely 

matches the prototype of what studying engineering is thought to be like: coursework and 

research focusing on electronics and hardware, with a competitive academic climate in which 

only the strongest and most capable students survive (Cross & Jensen, 2018; Godfrey & Parker, 

2010). MSE however, challenges some of the traditional portrayals of engineering: the field 

draws heavily from other areas of knowledge and research, is less plagued by attrition, and is 

closer to gender parity (Doctoral degrees awarded to women; MSE = 27.9%, EE = 17.3%; 

(Engineering by the Numbers, 2018). These differences in how the fields are portrayed and 

perceived may impact students’ GEI, or, equally possible, students with different GEI profiles 
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are drawn to their respective fields, thus crafting the resulting discipline-specific identities for 

themselves. 

Similar to EE and MSE, Biomedical Engineering (BE) and Civil Engineering (CE) are 

associated with different aspects of engineering. Like MSE, BE is a newer, more 

interdisciplinary field; biomedical engineers are most likely to work in medical equipment 

manufacturing, but are also often employed as researchers in non-engineering fields (e.g., the 

physical and life sciences; (Bureau of Labor Statistics, 2020). In comparison, civil engineers are 

associated with some of the most stereotypical engineering careers (working in construction or 

infrastructure, managing workplace safety and project completion, etc.) and are very unlikely to 

end up as researchers (Bureau of Labor Statistics, 2020). The mismatch between traditional 

‘engineering’ and BE may explain why BE students are overrepresented in the Mixed profile. 

Unlike MSE students, who also deviate from traditional notions of engineering, BE students are 

underrepresented in the Low profile; they are more likely to belong to the Mixed (higher 

scientist/researcher identities, lower engineer identity) or High (high across all domains) profiles. 

This may be a result of BE’s strong association with other STEM fields, in particular the 

sciences. On a similar note, although it is one of the ‘classic’ fields of engineering, CE students 

are overrepresented in the Low profile (higher engineer identity, lower scientist/researcher 

identities), unlike EE students who are overrepresented in the High profile. As CE is much less 

associated with science and research than BE, this may explain students’ overrepresentation in a 

profile associated with average engineer identification and low (approximately .5 SD below the 

mean) scientist/researcher identification. However, it does not explain why CE students belong 

to a group with such comparatively low engineer identities. It may be that not fitting the 

scientist/researcher mold required in graduate school detracts from students’ engineer 
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identification, or there may be variability within the profile that is not captured in the current 

analysis. Regardless, the grouping of CE students into the Low profile is a clear trend and is 

concerning for the discipline and the field. 

The final aspect of the profile investigation examined the relationship between the 

predictors (time, progress, race/ethnicity, gender, and discipline), students’ assigned profiles, and 

students’ intentions to persist and evaluations of degree progress (IP). This analysis produced 

two major findings: first, that students’ profiles predict IP even when controlling for other 

predictors (thus eliminating the potential conclusion that students’ backgrounds and GEI 

confound one another). Second, that students in the Mixed and High profiles have similar IP 

scores, and students in the Low profile have IP scores significantly lower than their Mixed/High 

peers. By demonstrating that GEI profile is predictive of intentions and progress, we are able to 

conclude that GEI contributes to students’ IP scores independent of other potential influencers -- 

in short, it is not merely a proxy for students’ social identities and experiences, but it increases or 

decreases intentions and progress in its own right. Consequently, by addressing students’ GEI we 

are potentially able to ameliorate the effects of previous negative experiences, thus making it a 

potential avenue for intervention. A growing body of work articulates the potential benefits of 

strong engineering identities at the undergraduate level, and these analyses suggest similar 

effects may be possible for engineering graduate students (Patrick et al., 2018; Patrick & 

Borrego, 2016b; Rodriguez et al., 2018). They also call for reflection in order to identify optimal 

student supports, potential areas of harm, and how to prepare engineering undergraduates for the 

demands of graduate school. For instance, it may be that a stronger emphasis on research at the 

undergraduate level may strengthen students’ GEI so that, even in fields not traditionally linked 
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to research (e.g., civil engineering), they can identify as researchers and thus succeed in the 

research-intensive domain of engineering graduate school. 

Examining the differences in IP scores between groups also indicates the importance of 

GEI, and presents new questions for future research. That students in the Low profile group have 

significantly lower IP than High/Mixed students is not surprising, but reinforces the need to 

bolster students’ GEI and to differentiate between engineer identity (which was average for this 

profile) and Graduate Engineering Identity (GEI), which draws from the engineer, scientist, and 

researcher domains. The similarity between the Mixed and High profiles’ IP scores raises 

interesting questions for future research. Previous work suggests that stronger engineering 

identity generally results in better outcomes (Patrick et al., 2018), and work with graduate 

students suggests that a similar pattern would apply among those who also had strong identities 

in the scientist/researcher domains. That there is no significant improvement in IP between the 

Mixed/High profiles challenges these conclusions somewhat. The Mixed/High profiles are not 

theoretically driven group assignments, but were empirically derived from patterns in the data, 

and this difference did not translate to improved intentions and persistence. It may be that once 

students GEI reaches a certain threshold, it no longer contributes beneficially to intentions and 

persistence, a hypothesis that can be tested in future studies. Future work could also expand the 

list of potential outcomes (e.g., including measures of performance and/or belonging) and 

examining them more conclusively, or from adopting a longitudinal lens, in order to confirm that 

GEI and undergraduate engineering identity benefit students in the same ways. Lastly, although 

the Mixed/High profiles did not differ in intentions to complete a graduate degree or ability to 

assess degree progress, this does not necessarily translate to retention or success. Although 

intentions to complete  a Ph.D. and progress in doing so are both measures of retention, they 
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don’t automatically translate to successful graduation or a career in engineering. Continuing to 

refine our understanding of GEI and its development across the degree process, as well as how it 

transitions into professional engineering identity and thus career choice, may demonstrate that 

differences in the Mixed/High profiles are relevant after all. 

Limitations 

Although informative, there are important limitations that should be kept in mind when 

considering these results. As was mentioned previously, LPA is an innovative approach that 

lacks traditional measures of statistical significance or effect size. The newness of the analysis 

can make interpretation of results and attempts at generalization difficult, as there is not an 

established framework in place for making sense of and extending LPA results. The extent to 

which the current results apply to other samples of engineering graduate students, not to mention 

engineering students overall, still need to be established and validated. Additionally, although the 

relationship between the profiles-as-predictors and intentions and progress is illuminating, it is 

not as clear as could be. Assignment to the Low profile is clearly linked to decreased intentions 

and progress, but the effects of belonging to the Mixed/High profiles aren’t as clear. This may be 

due to other factors outside of this study (e.g., personality, belonging, or academic performance), 

the shifting relevance and definitions of identity among the graduate student population (e.g., 

career options for an engineering Ph.D. are defined along different axes of identity, or limited 

such that individual identification becomes less relevant), or simple issues with measurement 

(i.e., the intentions and progress score was composed of two single-item measures). Future work 

should seek to further validate these findings even as they extend and replicate them. 

It is also important to note that his study is relatively a-theoretical in many aspects. LPA 

is a data-driven approach, and thus can reflect skew or bias in the data. The risk of overfitting, 
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both at a statistical and interpretative level, is also real; a more confirmatory approach is needed 

before these findings can be considered truly tested. Additionally, patterns in the data were used 

to define groups (e.g., gender and race/ethnicity) rather than participants’ voices or relevant 

frameworks (e.g., intersectionality). Because of this approach, much of the diversity in the 

population was drowned out due to comparatively small sub-sample sizes. Specifically, one 

criticism of this study is the handling of gender; non-binary and genderqueer students were not 

identified and included as a separate group in the gender analysis, although they were included in 

analyses of the entire sample. Additionally, students from a variety of racial/ethnic backgrounds 

were treated as a single group of ‘other underrepresented students of Color’ (see Table 1 for 

more information). This was done to differentiate them from white students, who benefit from 

racial privilege in academia and particularly in STEM, and from Asian students, who constitute a 

sizable minority in STEM but still experience prejudice and discrimination. These approaches 

were chosen in an attempt to balance inclusivity (e.g., including as many diverse perspectives 

and as possible), specificity (e.g., acknowledging and investigating group boundaries and 

differences rather than erasing or ignoring them), and empiricism (e.g., large enough samples for 

quantitative analysis and generalizable conclusions), but they required compromises that should 

be acknowledged and kept in mind when evaluating results. 

Despite the study limitations, these results identify continued gaps in our understanding 

of GEI. One such gap is the synergy between scientist/researcher identification and engineer 

identification: the second largest profile of students is high in the first and low in the second, and 

yet it is this group that is associated with higher IP scores. Previous work with undergraduates 

linked engineering identity to persistence, and so this finding represents a diversion from earlier 

findings. Furthermore, the completion of degree milestones is not consistently associated with 
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GEI -- while it impacts assignment to the High profile, it does not elevate students from the Low 

to the Mixed profile. This may have implications for attrition in graduate engineering programs, 

which remains one of the largest challenges faced by the field (Geisinger & Raman, 2013; 

Lovitts, 2001). Our findings also indicate ongoing issues in the inclusion of racial minorities and 

women in engineering. For instance, Asian students, traditionally successful in engineering, are 

overrepresented in the Low profile, again the group associated with low intentions and progress. 

The continuing identity gap between male and female students, and White students and students 

of Color, indicate that issues of sexism and racism at the undergraduate level persist into 

graduate school, among a group of students whose achievements should place them at the top of 

their field. And the distribution of disciplines across profiles suggests that all fields of 

engineering do not function equally well, with some disciplines overrepresented in the High 

profile and others in the Low. Overall, our results demonstrate the importance of GEI but also 

highlight ongoing questions that can not be answered by measuring engineering identity or 

linking it to desired outcomes. Instead, they suggest that the focus should shift to the structure of 

engineering education and how it can better support students and foster the developing of 

graduate engineering identity. 
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Table 1. Detailed information about participants. 

 Full Sample Analyzed Sample 
(Doctoral Students) 

 n = 1754 n = 996 

Milestones Completed     

Comprehensive Exam (Written or Oral) 398 23% 327 33% 

Dissertation Proposal 290 17% 246 25% 

Dissertation Defense 55 3% 48 5% 

Not Applicable 809 46% 281 28% 

Not Answered 202 12% 94 9% 

Time Since Initial Enrollment*     

1 year 543 31% 257 26% 

2 years 385 22% 179 18% 

3 years 262 15% 181 18% 

4 years 173 10% 146 15% 

5 years 131 7% 109 11% 

6 years 70 4% 52 5% 

7+ years 58 3% 49 5% 

Not Answered 132 8% 23 2% 

Gender Identity     

Female 564 32% 345 35% 

Male 1020 58% 609 61% 

Transgender 5 0% 3 0% 

Genderqueer, agender, or write-in 29 2% 11 1% 

Not Answered 136 8% 28 3% 

Race/Ethnicity**     

Asian ^ 474 27% 275 28% 

Black or African American ^^ 37 2% 19 2% 

Hispanic, Latino/Latina/Latinx, or Spanish origin ^^ 53 3% 31 3% 

Middle Eastern or North African ^^ 49 3% 34 3% 

Native Hawaiian or Other Pacific Islander ^^ 1 0% 1 0% 

White ^^^ 846 48% 508 51% 
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Table 1 (continued). 

Multiple Options Selected ^^ 124 7% 82 8% 

Another race or ethnicity not listed above ^^ 25 1% 15 2% 

Not Answered 145 8% 31 3% 

Major or Discipline     

Aerospace Engineering 50 3% 21 2% 

Agricultural and Biological Engineering 47 3% 25 3% 

Biomedical Engineering 128 7% 1 0% 

Chemical Engineering 170 10% 110 11% 

Civil Engineering 138 8% 75 8% 

Computer Engineering 33 2% 17 2% 

Computer Science 93 5% 49 5% 

Computer Science and Engineering 21 1% 17 2% 

Electrical & Computer Engineering 62 4% 33 3% 

Electrical Engineering 200 11% 110 11% 

Environmental Engineering 51 3% 0 0% 

Industrial Engineering 40 2% 25 3% 

Material Science and Engineering 185 11% 148 15% 

Mechanical Engineering 260 15% 146 15% 

Nuclear Engineering 59 3% 35 4% 

Other+ 117 7% 171 17% 

Not Answered 100 6% 13 1% 

*enrollment may not have been continuous 

**no participants identified as "American Indian or Alaska Native" 

^ categorized as 'Asian' in race/ethnicity analyses 

^^ categorized as 'underrepresented students of Color' in race/ethnicity analyses 

^^^ categorized as 'White' in race/ethnicity analyses 

+21 majors with 1-18 participants are not listed here 
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Table 2. Fit indices and output from latent profile analysis. 

 Model Type Log 
Likelihood 

Free 
Parameters AIC CAIC BIC SABIC ICL BLRTS BLRTS p-

value Entropy Spurious 
Groups 

Profiles 1 XXX -9220 - 18548 18867 -23097 18641 -23097 - - 1 0 

Profiles 2 VEV -8225 82 16653 17249 -21269 16827 -21376 1897 0.001 1 0 

Profiles 3 VEV -7720 119 15736 16609 -20716 15991 -20881 622 0.001 0.96 0 

Profiles 4 VEV -7072 156 14534 15685 -20167 14871 -20381 619 0.001 0.96 1 

Profiles 5 VEV -6743 193 13970 15399 -19970 14388 -20223 266 0.001 0.94 1 

Profiles 6 VEV -6511 230 13600 15306 -19733 14099 -19963 305 0.001 0.93 1 

Profiles 7 VEV -6225 267 13121 15105 -19415 13702 -19643 387 0.001 0.93 1 

Profiles 8 VEV -5825 304 12415 14676 -19708 13077 -20151 -224 0.277 0.93 2 

Profiles 9 VEV -5670 341 12201 14739 -19160 12944 -19413 - - 0.93 2 
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Table 3. Results of binary logistic regressions. 

      95% CI of OR     

Outcome Predictor B SE p-value OR Lower Upper X2 df p-value Pseudo 
R2 

Profile 2 (Mixed) vs 
Profile 1 (Low) Time Pursuing Degree 0.15 0.10 0.128 1.16 0.96 1.41     

 Degree Milestones Completed 0.13 0.43 0.759 1.14 0.47 2.62     

 Time Pursuing Degree * Degree 
Milestones Completed -0.07 0.11 0.502 0.93 0.75 1.15     

 Hosmer & Lemeshow       4.73 8 0.785  

 Likelihood Ratio Test       2.53 -3 0.507  

 Nagelkerke          0.01 

Profile 2 (Mixed) vs 
Profile 3 (High) Time Pursuing Degree 0.26 0.15 0.094 1.30 0.96 1.80     

 Degree Milestones Completed 1.89 0.90 0.035 6.64 1.34 44.70     

 Time Pursuing Degree * Degree 
Milestones Completed -0.48 0.19 0.011 0.62 0.42 0.88     

 Hosmer & Lemeshow       3.64 8 0.888  

 Likelihood Ratio Test       7.82 -3 0.049  

 Nagelkerke          0.05 
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Table 4. Output from chi-square analyses: Testing gender and race/ethnicity distribution across profiles. 

 Gender Race/Ethnicity 

 Male Female White Asian 
Underrepresented 
students of Color 

Assigned Profile Count Std. Res Count Std. Res Count Std. Res Count Std. Res Count Std. Res 

Class 1 (Low) 348 0.70 189 -0.70 266 -1.80 172 2.86 93 -1.01 

Class 2 (Mixed) 178 -2.05 123 2.05 160 0.35 72 -2.12 67 2.02 

Class 3 (High) 85 1.84 34 -1.84 74 2.22 28 -1.32 17 -1.31 

 χ2 (2) = 6.13, p = .047 χ2 (4) = 12.46, p = .014 
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Table 5. Output from chi-square analyses: Testing distribution of engineering majors across profiles. 

 Major 

 Material Science 
& Engineering 

Mechanical 
Engineering 

Chemical 
Engineering 

Electrical 
Engineering 

Biomedical 
Engineering Civil Engineering Computer Science 

Assigned Profile Count Std. Res Count Std. Res Count Std. Res Count Std. Res Count Std. Res Count Std. Res Count Std. Res 

Class 1 (Low) 79 -0.21 79 0.00 57 -0.44 59 0.33 36 -2.43 54 3.09 26 -0.16 

Class 2 (Mixed) 59 2.60 42 -0.68 32 -0.44 24 -2.05 37 2.58 15 -2.31 15 -0.07 

Class 3 (High) 7 -3.29 22 0.94 18 1.26 21 2.35 11 0.02 6 -1.37 7 0.33 

 χ2 (12) = 34.96, p < .001 
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Table 6. Output from hierarchical regression. 

Model Predictor F df p R² p 

Model 1  3.62 13,630 < .001 0.05 < .001 
 Degree Progress 8.34 3,630 < .001   

 Time Spent Pursuing Degree 1.24 1,630 0.267   

 Gender 0.284 1,630 0.594   

 Race/Ethnicity 1.62 2,630 0.198   

 Major 2.87 6,630 0.009   

Model 2  6.12 15,628 < .001 0.11 < .001 
 Degree Progress 8.86 3,628 < .001   

 Time Spent Pursuing Degree 1.31 1,628 0.252   

 Gender 0.302 1,628 0.583   

 Race/Ethnicity 1.73 2,628 0.179   

 Major 3.05 6,628 0.006   

 Profile Assignment 20.94 2,628 < .001   
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Chapter 5: Integrative Review 

Identity is a complex phenomenon, and a similarly complex array of theories have been 

developed to explain it. Some of the theories highlighted in this paper, like social identity theory 

and the stereotype content model, focus on the group and societal aspects of identity (Fiske, 

2012; Hogg, 2016); others, like role identity theory and possible selves, examine the 

psychological processes that occur when identities are being enacted (Markus & Nurius, 1986; 

Oyserman, 2008; Stets & Serpe, 2013). A consequence of this complexity is the confusion that 

comes when discussing multiple threads of research or working across contexts. A few isolated 

critiques have identified the need for a more collaborative and integrated approach to identity 

theory development, often attempting to create new, synthesized theories of their own (Abdelal 

et al., 2006; Gee, 2000; Owens, 2006). These unilaterally developed new theories have never 

gained much popularity, however, and end up only presenting more theories to further clutter the 

field. Like these critiques, this dissertation argues that a new approach is needed. But rather than 

start with the development of another identity theory, we start with an examination of some 

existing theories and research, and how they would be made stronger if an integrated approach 

were used. In the section that follows, three studies from the STEM education space are used as 

an example of a body of work to be synthesized, and we identify some key points of overlap and 

obfuscation that occur due to the current approach. Based on this analysis, we then put forward 

some conclusions and suggestions about how a new unified, collaborative, and shared theory of 

identity might be developed 

Summary of findings 

The first manuscript examined an intervention that highlighted diverse, counter-

stereotypical scientist narratives to increase science identity. Students who completed the 
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intervention (Scientist Spotlights) used fewer stereotypes when describing scientists, rated 

scientists as more relatable, expressed more science interest, and got better grades at the end of 

the quarter than their peers who completed a control assignment. This is consistent with 

applications of identity theory which suggest that stereotypes of scientists inhibit the 

development of possible scientist selves, thus decreasing relatability and science interest. This 

intervention can be a valuable tool for STEM instructors who wish to increase interest and 

science identity in their students, particularly if their students are from backgrounds stereotyped 

as ‘not being science people’. The intervention also shed potential light on the process of identity 

development, as it makes use of metacognitive and instructor talk elements that may help to 

decrease resistance and increase reflection. 

The second manuscript explored students’ engineering identities, peer/advisor 

relationships, and the relationships between them, and highlights some of the ways in which 

social identities interact with engineering identity. Highlighted findings include the complex 

differences in graduate engineering identity by race/gender group: for instance, underrepresented 

men of Color scored lower in engineering interest but higher in engineering 

performance/competence than their female peers (underrepresented women of Color). White 

men and women received more scientist recognition than Asian men, despite the existence of 

model minority stereotypes expected to ‘benefit’ Asian students. The benefits of positive peer 

and advisor relationships also differed by social groups: for instance, although women of Color 

had lower scientist interest scores than White women, positive advisor relationships closed this 

gap. However, women of Color’s engineering interest saw no such benefits from peer 

relationships, although their male peers’ scores did. Overall, the largest and most consistent 

differences were between men and women of Color. Women of Color benefited more from 
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positive advisor relationships than their male peers on four constructs (scientist interest, scientist 

performance/competence, researcher interest, and researcher performance/competence). At the 

same time, men of Color benefited more from positive peer relationships than their female peers 

on three constructs (scientist interest, science performance/competence, and engineer 

performance/competence). 

The third manuscript uses Latent Profile Analysis (LPA) to cluster students’ engineering 

identity scores and then examines its explanatory potential as a predictor of students’ intentions 

to persist and ability to evaluate their degree progress. The LPA revealed three clusters of 

graduate identity scores, labeled Identity Low, Identity Mixed, and Identity High. Two of the 

three groups show distinctly mixed patterns: the first, Identity Mixed, consists of participants 

with high researcher and scientist interest, average performance/competence and recognition in 

both the researcher and scientist domains, and below average engineering 

performance/competence, interest, and recognition. The second mixed group is titled Identity 

Low, as all the average scores are at or below the mean, but participants researcher and scientist 

identity scores are notably lower than their engineering identity scores. These LPA results 

present an interesting narrative of graduate engineering identity. One cluster, with the smallest 

number of students, presents with high scores on all aspects of identity, while the largest group 

presents with all scores at or below the mean. The mixed group shows a sharp divide between 

their engineer and scientist/researcher identities, with their engineering identity scores clustering 

below the mean and their scientist/researcher identities above it. Although all participants in the 

Identity Low group have scores below the mean, they show a pattern opposite to that of the 

Identity Mixed group, with their engineer identity scores slightly higher than their 

scientist/researcher identity scores. 
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How these profiles interact with the predictor and outcome variables contributes to this 

story. Participants who completed more degree milestones were more likely to belong to the 

Identity High group than the Identity Mixed group. The gender and race distributions across 

group were not independent: first, women were overrepresented in the Identity Mixed group; 

second, Asian students were overrepresented in the Identity Low group and underrepresented in 

the Identity Mixed group; and third, White students were overrepresented in the Identity High 

group. A focus on students’ chosen disciplines reveals that Material Sciences, Electrical, 

Biomedical, and Civil Engineering students were not evenly distributed across the profiles, with 

Civil Engineering students more likely to belong to the Identity Low group, and Electrical 

Engineering students more likely to belong to the Identity High group. The final set of tests 

examined the relationships between the identity profiles and the students’ intentions to persist 

and their ability to evaluate their degree progress (referred to as intentions and progress, or IP). 

The Identity Low group had scores significantly lower than the Identity Mixed and Identity High 

groups, while the Identity Mixed and Identity High groups did not differ significantly. Overall, 

this analysis indicates that most students’ graduate engineering identities are not as strong as they 

could be. A large group of students placed in the Identity Low group, which was linked to less 

degree progress and lower intentions and persistence. A second large group of students placed in 

the Identity Mixed group, which was characterized by below-average engineer identity scores 

and above-average scientist/researcher identity scores. Although this group of students reported 

higher intentions to persist than those in the Identity Low group, the fact that engineering 

graduate students do not identify strongly as engineers has troubling implications for graduate 

engineering education. A small group of students reported uniformly high identity scores, but 
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their intentions to persist did not differ significantly from those in the Identity Mixed group, and 

so the benefits of their higher scores are not clear. 

Implications/Opportunities 

The three studies featured here focus on different fields and student populations, 

but they are united by their focus on identity. The driving argument behind this review is 

the need for a new system that synthesizes and integrates results from different areas into a 

coherent whole. In this final section, the focus will shift from discussing the relevant 

theories and highlighted studies to discussion of three areas: 1) points at which the studies 

and their results conflict due to overlap or competing definitions; 2) areas in which siloing 

in one branch of theory prevents additional insight or raises additional questions, and 3) 

examples of how the current, stratified approach furthers patterns of marginalization even 

as the studies that incorporate it attempt to combat them. 

Overlapping and competing ideas. One of the main points of overlap that persists 

across all three studies can be found in the importance of social representations, whether they are 

representations of roles (e.g., scientist) or social identities (e.g., gender or race). Here we are 

defining a ‘social representation’ as a common cultural understanding that stands in contrast to 

the definitions individuals develop from their own experiences (Oyserman & Markus, 1998). 

Sometimes they are negotiated explicitly, such as when operationalizing constructs, but most of 

the time they are negotiated implicitly through consensus and conflict. Stereotypes and 

prototypes, introduced in earlier chapters, are thus types of social representations but only a few 

examples of the many types that might exist (Augoustinos & Walker, 1998). Because of the 

strong social component of identity, social representations play a huge role in our understanding 

of identity, but are often not acknowledged and are assumed to be universal.  
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The first study explicitly identifies the topic of social representations through its 

discussion of stereotypes, and by connecting stereotypes to possible selves theory, it provides a 

space for these social representations to be extended into a new theoretical space. This allows for 

explicit discussion of social representations and their effects on identity, and provides a way for 

the current results to be integrated into future work that draws from the same frameworks. In 

contrast, studies 2 and 3 draw from the engineering identity literature, which provides a stronger 

foundation for measuring identity but is also a very psychologically-focused conceptualization of 

identity. Social representations play less of a role in the studies themselves, although social 

representations of engineers, scientists, and researchers are important elements of the current 

model of engineering identity. And so despite its importance in all three studies, the concept of 

‘social representations’ is only overtly acknowledged and examined in one of them. Thus an 

important critique of current identity theory is how social representations are defined, discussed, 

and measured. Better articulating and integrating the role they play in identity can provide 

important insights and allow for a more consistent approach. 

Another key area of overlap is the concept of possible selves. Possible selves theory also 

plays a large role in the first study: although it is not measured explicitly, the foundation has 

been laid for future studies to further develop and test it in a science education context. The 

concept of possible selves also plays a role in the third study, but because of the lack of 

theoretical framing, its presence goes completely unacknowledged. Specifically, the third study 

examines the relationship between graduate engineering identity and intentions and progress. 

This variable is constructed from students’ intention to persist (a reflection of their possible 

selves), and students’ ability to evaluate their degree progress (a complicated process comparison 

of one’s current and possible selves, as well as social representations regarding engineering 
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students and degree progress). Incorporating possible selves theory into study’s three’s existing 

framework would allow for a more nuanced examination of engineering identity with attention to 

the effects of time, again providing additional insight and allowing for a more unified field of 

studies. 

Lastly, depersonalization also plays a key role in all three studies but is not well-

articulated in any of them. Depersonalization and conformity with norms are the mechanisms by 

which stereotypes derive much of their impact, as described by social identity theory, but the 

same concept can be seen even in studies operating outside of that theoretical framework (Hogg, 

2016). For instance, the influence of stereotypes on one’s possible selves is a product of 

depersonalization and norms, as is the influence of peer and advisor relationships on engineering 

identity. Neglecting to articulate this influence provides for some theoretical gaps in the first 

study, in which the connection between stereotype content and possible selves is clear. Similarly, 

aspects of the second study would lend themselves well to discussions of depersonalization and 

norms, but the study’s current conceptualization takes an individualistic view that frames 

students’ hardships as a personal struggles rather than the product of systematic influences. 

Beyond the studies featured here, current work in engineering education has begun to use 

the term ‘latent diversity’ as a way of to refer to the invisible epistemologies, mindsets, and ways 

of knowing that are practiced in engineering (Godwin, 2017). This line of research argues for the 

potentially harmful effects of the homogenizing process of engineering education, which 

encourages students to either conform with current norms, leave the field, or reshape their 

environment. This is particularly problematic as latent diversity is often connected to 

traditionally visible forms of diversity (e.g., race, gender, or class), and so many students are 

alienated twice over (Benedict et al., 2017, 2018). Similar ideas can be found in Carlone & 
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Johnson (2007) investigation of female scientists of Color and their science identities, as well as 

in social identity theory’s larger discussions of norms and identity salience. Discussions of latent 

diversity in engineering education would thus benefit greatly from an integrated theory that 

allowed for the psychological elements of the current engineering identity model as well as 

concepts of depersonalization and conformity with norms. 

Branching theories and siloed findings. A prime example of siloing can be found in the 

psychological versus social divide between role and social identity theories. For example, much 

of the work featured in this dissertation centers on the psychological aspects of identity, as the 

current model of engineering identity has a strong focus on internal processes. This provides 

insights but also limitations; without acknowledging the power of groups, it is difficult to 

analyze engineering education spaces or discuss the changes needed to better support students. 

Similarly, the role of conflict and group belonging is central to social identity theory but less 

emphasized in others. For example, issues of conflict and belonging play a role in the first study 

due to the focus on stereotypes and relatability, but they are not referenced at all in the second 

and third studies. This is despite the fact that engineering is widely viewed as a space in which 

much silent and overlooked conflict is occurring, as groups traditionally excluded from STEM 

attempt to make their way as engineers (Anderson, 2014; Burt et al., 2020; Franklin, 2016). 

In the third study, latent profile analysis was used in an attempt to re-integrate some of 

the aspects from social identity theory back into engineering identity by examining the groups 

that appeared in analysis of graduate engineering students. However, the variables used in this 

model of engineering identity were all psychologically driven: interest was a clear assessment of 

enjoyment of engineering content, performance/competence focused on self-efficacy and 

included no objective measures of performance, and even recognition -- the most socially 
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oriented of the factors -- assessed perceived recognition and used no outside measures. Some 

conclusions about the engineering graduate student population can still be formed, such as the 

divide between high-identifying students and the remainder of the population, or the negative 

relationship between engineering and scientist/researcher identities, but the tight focus on 

psychological components restricts opportunities to build on the findings. 

Despite the heavy influence of role identity theory on the current model of engineering 

identity, there is one major aspect from role identity theory that could provide insight if 

integrated into the theoretical framework: the comparator process. This central element of role 

identity theory allows an individual to compare the input they receive from others (perceived 

meanings) with their own conceptualization of themselves. Discrepancy between the two inputs 

is outputted as emotion, either positive (when matching) or negative (when discrepant), which 

then prompts readjustments in behavior (see Figure 2). The models of science and engineering 

identity featured in this dissertation both provide strong measures to assess the perceived 

meanings students receive from others (recognition), and the possible selves framework provides 

an additional avenue for measuring students’ self-conceptualization. As a result, integrating the 

comparator process into a holistic framework drawing from these theories would be fairly 

straightforward. By centering the comparator process in the integrated theory, additional 

elements from the other theories can be also be drawn in (see Figure 1). This would create a 

framework of identity that models the psychological processes of identity (e.g., perceived 

messages, current and possible selves, and the comparator process), the social processes (e.g., 

interactions with others, prototypes, and belonging), and social representations (e.g., 

stereotypes). 
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Patterns of marginalization. One of Tafjel’s contributions to identity theory was the 

shift from personality-based explanations of identity to a gestalt approach that acknowledged it 

as a phenomenon greater than the sum of its parts (Hogg, 2016). And yet studies of identity often 

frame it as a series of closed, or even isolated, systems, treating identities as exclusive categories 

rather than a complex array of experiences and beliefs. Examples of this tendency can be found 

in all of the theories highlighted in this dissertation, but perhaps the clearest demonstration is 

from the stereotype content model. The stereotype content model identifies components of 

warmth and competence that drive the construction and application of stereotypes but fails to 

acknowledge the components of race, gender, class, and ability that underlie these identities. 

Ultimately, it is not possible to imagine people or groups, no matter how theoretical or neutrally 

they are presented, without also imagining their social identities (e.g., gender or race). The 

importance of this fact, and the extent to which its neglect promotes marginalization and harm, 

can be found across many discussions (for one example see (Warner et al., 2018). Our current 

unintegrated approach towards identity is thus limited by attempts to treat identities as a series of 

linear variables. Only by incorporating the interrogation of these assumptions into the 

foundations of identity theory itself can we make progress in resolving it. 

This is much easier said than done, however, as most methods of analysis (particularly 

quantitative ones) require a finite number of clearly defined groups. As researchers, we need to 

reduce complex, multi-dimensional phenomena in order to discuss and understand them as 

constructs; in compliance with the scientific approach, these methods need to be empirical and 

replicable. One theory that might provide a solution is the comparatively new concept of social 

identity complexity (Roccas & Brewer, 2002). It draws largely from social identity theory, thus 

allowing for easy integration with that theory, but also proposes a new model of the 
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psychological process that lets individuals maintain and negotiate multiple identities. It echoes 

aspects of role identity theory in which one has multiple identities available, and select identities 

are made salient according to the environment (Stets & Serpe, 2013). It differs, however, by 

arguing that individuals can have one primary in-group at a time, and in the case that one identity 

does not subsume another (e.g., all engineering majors are students), the individual must 

reconcile their competing identities into a defined in-group that they can belong to. 

This reconciliation process can occur in four different ways. The first way in which 

multiple identities can be reconciled into a single in-group is through intersection. Identities 

intersect when the overlapping space between two larger identities becomes a new, exclusive in-

group that individuals can belong to (e.g., ‘female’ and ‘scientist’ combine to create the ‘female 

scientist’ in-group; scientists who aren’t women, and women who aren’t scientists, are both out-

groups). Another method is dominance, in which case one identity becomes the in-group and 

other identities become subordinate, non-central descriptors of it (e.g., ‘scientist’ is the in-group 

and female is one of many possible adjectives that can be applied to it; all other scientists, 

whether men or women, are part of this in-group). Compartmentalization and merging are the 

final two methods. In compartmentalization, the current situation determines which identity 

becomes the in-group (e.g., ‘scientist’ identity is active in the classroom, ‘female’ identity is 

active in social situations; whether others belong to one’s in-group or not thus depends on the 

situation). In merging, the in-group is extended to include all members of all relevant identity 

groups (e.g., the in-group includes ‘female scientists’, ‘women’, and ‘scientists’, the most 

inclusive option; (Roccas & Brewer, 2002). By incorporating this process into existing elements 

of role and social identity theory, we can better examine identity with attention to aspects of race, 

gender, and class (among others) that are often erased or overlooked (see Figure 1 for an 
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illustration of this point). Furthermore, we can push back against the tendency to codify 

dominant cultures as invisible norms by making the decision about which identities to include 

explicit. 

Future directions 

Arguing against the current state of identity theory is fairly easy and demonstrating the 

potential value in an integrated approach is exciting, but the question of how to see them realized 

is harder and threatens to be something of a slog. Previous challenges to the current identity 

theory structure have not resulted in widespread change, perhaps because the resulting solutions 

were developed unilaterally and without buy-in from the field beforehand (Abdelal et al., 2006; 

Gee, 2000; Owens, 2006). In contrast, however, are critiques of common research practices, 

driven in part by the Reproducibility Project that challenged much of the status quo in 

psychology (Open Science Collaboration, 2015). Encouraging widespread involvement and 

cooperation in the integration process could thus help avoiding this mistake of early critiques of 

identity theory; what’s more, a participatory process also fulfills the goal of bringing existing 

knowledge together and challenges current practices that marginalize voices and erase different 

ways of knowing (Charlton, 2000; Hall & Tandon, 2017). Many potentially useful tools already 

exist: the results of the reproducibility project led to the development of the Center for Open 

Science and its collaboration tools (Makel et al., 2019), and fostered the developed of open 

access publishing and open science platforms (for an example, see the research topics developed 

by (frontiers, 2020). Similar projects exist in other fields, such as the Human Genome Project 

(Collins et al., 2003), and large collaborative projects have been a staple in software 

development for some time, so drawing from these sources of accumulated wisdom can also 

provide some benefits (Weber, 2004). Ultimately, bringing the disparate identity theories 
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together into a coherent whole will not be accomplished through the intellectual work of a single 

person, but through technical collaboration and interpersonal consensus-building at a potentially 

global level. 

While it’s likely that future work will continue exploring smaller-scale integrations like 

the one in this dissertation, the issues of overlap, siloing, and marginalization highlighted in this 

chapter will also plague future attempts to bring identity theory together. The current state of 

identity theory is a product of the current academic system; thus, creating a system to create a 

new type of theory will be a heroic task in and of itself. Essential next steps will include 

identifying what elements have produced the current, undesirable outcomes, addressing issues of 

communication and competition that make collaboration difficult and produced the current 

situation, and remedying practices that result in exclusion and marginalization. Previous work 

has argued that three dimensions are essential in inclusive research: listening, reflecting, and 

transforming (Nind & Vinha, 2014). Figuring out how to integrate these processes into the 

existing scientific method, which focuses on theory-building and hypothesis-testing but not 

synthesis and integration, will be the first, ambitious task in moving forward. 

Conclusion 

Among the many phenomena studied by psychologists, identity is among the most 

complex and central to our understanding of psychology. Resultingly, the theories we have 

developed to explain identity take varied approaches and utilize varied contexts to develop a 

holistic and generalizable understanding that can be universally applied. However, this 

abundance of theory has come to produce more confusion than it cures, and a change is needed. 

The studies highlighted in this dissertation examine identity in limited contexts (e.g., science and 

engineering settings) and focus on aspects of 1) stereotypes and possible selves; 2) interpersonal 
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relationships and identity sub-constructs; and 3) the emergence of in-groups from latent groups. 

The enveloping review focuses on a critique of current identity theory and the confusion and 

missing insights caused by its current implementation, with these three studies acting as 

demonstrations of these critiques. Overall, this dissertation argues for a shift in identity theory 

development to a process that is deliberate, collaborative, and inclusive, and provides a tentative 

path forward as to how this might be accomplished. Ultimately, we believe that new systems and 

tools are needed to see the central ideas of the scientific method – theory-building through 

hypothesis-testing – finally realized, and that the time to begin developing these systems is now. 
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Appendix 1 

 

Figure 1: Illustration of graduate engineering identity 

Among graduate students, engineering identity is composed of three domains (scientist, engineer, and 

researcher) and three sub-constructs per each domain (recognition, interest, and performance/competence). Note that 

the overall construct is referred to as Graduate Engineering Identity, while there is a domain within the construct 

referred to as engineer identity. This framework suggests that students’ recognition, interest, and 

performance/competence as engineers is only a component of their overall GEI, which also incorporates their 

recognition, performance, and interest as scientists and researchers. 
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Figure 2: Averages by profile across all constructs 
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Figure 3: Effect of interaction (time spent pursuing degree x number of milestones completed) on assignment to 

Identity High profile  
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Appendix 2 

 

Figure 1: Illustration of an integrated identity theory 

A rough, preliminary diagram illustrating how the identity theories featured in this dissertation might be integrated. 

Colors indicate theories that constructs are drawn from: purple (social identity theory), green (social identity 

complexity), yellow (possible selves and identity-based motivation), blue (role identity theory and 

science/engineering identity). 
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