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Abstract  

Women remain underrepresented in engineering, and implicit biases have been shown to 

significantly shape environments where career choices are made. While bias has been widely 

studied in general populations, less is known about how it differs across rural and urban 

communities and how these differences may influence the pipeline of women pursuing 

engineering. This study examines variation in adult implicit bias using Project Implicit data, with 

the goal of understanding the community contexts that may shape young women’s career 

pathways. 

Guided by social cognitive career theory, we hypothesized that adults in rural US communities 

would hold stronger implicit biases about which careers are appropriate for women than those in 

urban communities. We also examined broader demographic patterns to identify how implicit 

gender-career and gender-science biases vary across gender, education, and other characteristics. 

Using open-source Gender–Career and Gender–Science Implicit Association Test (IAT) data 

linked with demographic and geographic indicators, we applied quantitative comparative 

analyses to assess rural-urban and demographic differences across a decade of responses. 

Findings show that implicit bias is widespread, and that while the hypothesis that rural 

respondents demonstrate stronger associations linking men with careers in science and 

engineering is supported, it is by no means the strongest trend observed in the data. The most 

striking finding is that women themselves demonstrate significantly stronger implicit bias 

regarding their own place in male-dominated fields compared to men, likely reflecting 

internalized societal associations rather than explicit endorsement. This suggests that community 

norms and self-perceptions reinforce barriers that may limit women’s entry into engineering, 

particularly in rural contexts where role models and counterexamples are less visible, and 

highlights the need for targeted, context-specific strategies to counteract implicit bias and 

broaden women’s participation in engineering. 

Keywords: implicit bias, rural, engineering, gender, career, science 
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Introduction 

It is well known that there is a significant underrepresentation of women in STEM fields. While 

this topic has been studied worldwide [1]-[3], the specific effect of different contributing factors 

on this underrepresentation remains unclear. This study specifically focuses on understanding the 

effects of regional background (rural versus urban) on implicit bias that may impact young 

women’s career decisions and pathways. This focus is driven by prior findings on the unique 

educational opportunities for rural students, where they navigate the challenge of limited access 

to advanced coursework, extracurricular activities, and local career role models [4]-[6]. In 

addition, it builds on findings showing that rural students often rely on the support and guidance 

of their community, family, and/or religious institutions in deciding their future careers [7]. 

Guided by social cognitive career theory, this study utilizes a decade of Implicit Association Test 

(IAT) data to examine how demographic and geographic patterns in implicit gender-career and 

gender-science bias may be associated with factors that shape young women’s career decisions 

and pathways. 

Background 

Project Implicit 

This quantitative study uses implicit bias data from Project Implicit. Implicit bias refers to 

unconscious attitudes or beliefs that individuals may hold about social groups [8]. Project 

Implicit is a non-profit organization founded by three scientists: Dr. Tony Greenwald (University 

of Washington), Dr. Mahzarin Banaji (Harvard University), and Dr. Brian Nosek (University of 

Virginia), whose objective is to educate and provide a “virtual laboratory” for the public on 

implicit biases, attitudes, and differences [9]. A person’s implicit biases are considered to be 

their own unique thoughts or beliefs, which are shaped by their immediate surroundings, 

environment, or culture [10]. The data collected from Project Implicit has been used in several 

well-received studies [11]-[13], with studies ranging from how implicit biases affect national 

gender gaps in math and science using data from gender equality index scores [13], implicit 

gender-career and gender-science bias analysis exploring the long-term effects of teacher’s 

gender stereotypes on career outcomes [14], and using implicit bias training to create a more 

supportive environment for women in STEM [15]. This study uses implicit bias data collected 

from Project Implicit to investigate how surrounding environments (rural versus urban settings) 

may be associated with differences in implicit bias related to career pathways. 

Although implicit biases have been shown to differ across both rural and urban communities 

(largely due to differences in environmental exposure and social context that shape unconscious 

associations), the extent to which the strength of these biases differs between rural and urban 

communities remains relatively unexplored [16]. Some studies suggest little to no difference in 

implicit biases on gender-career and gender-science topics among young women based on 

regional background (meaning little to no difference in associations between STEM topics like 

math being pleasant or unpleasant) [17]. However, other studies have shown that STEM career 
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aspirations can change over time, depending on the environment in which youth are raised [18]. 

This is notably due to the lack of opportunities present for those living in rural areas in terms of 

advanced coursework in math and science, teaching capacity, and extracurricular programs or 

activities in STEM, compared to those living in urban communities [18].  

This study examines implicit bias in different regional contexts through the framework of social 

cognitive career theory. Social cognitive career theory suggests that career development is 

shaped by the formation of interests, career choices, and performance outcomes [19]. Within this 

framework, there are three main concepts that are studied to provide further insight, which 

include self-efficacy, outcome expectations, and goals related to career choices [19]. Self-

efficacy is shaped from four primary sources, which include personal performance 

accomplishments, indirect experiences, social persuasion, and physiological and emotional 

states. Outcome expectations are beliefs about the consequences or outcomes of an individual’s 

actions or behaviors, which in turn influence the actions individuals choose to pursue. Finally, 

goals refer to an individual’s intentions to engage in activities or achieve specific levels of 

performance, which are formed based on the first two concepts [20]. Social cognitive career 

theory has been used in several studies to explain the underrepresentation of women in STEM 

fields, particularly in relation to implicit gender bias and limited access to role models [21]-[23]. 

For this study specifically, social cognitive career theory provides a framework for interpreting 

how urban and rural contexts may shape implicit gender-career and gender-science biases, which 

in turn may be associated with young women’s career aspirations and decisions. 

The U.S. Census Bureau (2020) defines urban areas as contiguous, densely developed territories 

that contain at least 5,000 people or 2,000 housing units. Rural areas are defined as all areas 

(open countryside and settlements) located outside of this urban definition. This definition is 

built from census tracts, which are nationally consistent, relatively permanent geographic 

divisions of a county that serve as small statistical units for data analysis [24]. This study uses 

the geographic categorizations derived from Project Implicit data to delineate rural and urban 

areas, which assigns participants into Metropolitan Statistical Area (MSA) identifiers derived 

from the census-defined categorizations. According to the U.S. Census Bureau, an MSA is 

defined by one of two quantitative metrics. It must either have a city with a population of at least 

50,000 or contain a census-defined urban area and have a total population of at least 100,000. 

MSAs usually include one or more central counties that contain both a core population area and 

adjacent communities that are linked economically and socially [25].  

Within the IAT, participants self-report their location by inputting the name and ZIP code of the 

area in which they live. Project Implicit then categorizes this information using MSA identifiers, 

drawing on ZIP code-based classification systems such as those from the U.S. Department of 

Labor to identify metropolitan areas [26]. Under these criteria, an area is categorized as “urban” 

if the participant’s ZIP code is found within an MSA, where the location is a high-density 

metropolitan area that includes both urban areas and integrated suburban subsections. On the 

other hand, an area is categorized as “rural” when the participant’s location falls outside of the 
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MSA identifiers, where the location is a more isolated, low-density area. This ensures that there 

is a clear distinction between those living in a heavy metropolitan area and those in non-

metropolitan areas.  While this classification provides a practical method for distinguishing 

between metropolitan and non-metropolitan areas, it may not fully capture the complexity of 

rural–urban differences, particularly in regions that include suburban or peri-urban 

characteristics. 

Several studies have compared rural and urban communities, with many focusing on differences 

in community characteristics, access to technology, and educational outcomes [27]-[29]. Related 

to this study, it has been shown that youth in rural communities face distinct challenges in career 

development, including limited educational resources, a shortage of high-paying local jobs, and 

the decision between remaining in their home community or relocating to an urban area for 

greater opportunities [30]. More specifically, in terms of gender and career development within 

rural communities, young women often experience the challenge of balancing personal career 

aspirations with traditional social expectations [30]. It has also been shown that young women in 

both rural and urban communities tend to make career choices based on factors such as financial 

goals, the desire to help others, and external influences, including input from significant 

individuals in their lives, digital media, educational environments, and their own self-efficacy 

beliefs [30], [31]. 

Building on this prior work, the present study examines how differences in regional context may 

be reflected in implicit gender-career and gender-science biases, providing insight into how these 

environments may shape the broader social and cognitive factors associated with young women’s 

career development. By analyzing implicit gender-career and gender-science data through the 

framework of social cognitive career theory, this study seeks to understand how regional 

contexts may be associated with differences in implicit bias that shape young women’s career 

aspirations and development. Because previous research identifies that rural settings often face 

unique challenges, it is important to investigate how these environments may contribute to 

differences in implicit biases related to career pathways. Accordingly, this study addresses the 

following research questions: 

1. Is gender–career implicit bias stronger in rural settings than in urban settings? 

2. What additional patterns emerge in gender–career and gender–science implicit bias 

across rural and urban populations? 

Methodology 

To examine the hypothesis that gender-career bias is greater in rural areas compared to urban 

areas, the data were quantitatively analyzed using a large open-source database, Project Implicit. 

This study focuses on data from the decade 2012-2022, to ensure that the findings reflect long-

term yet current implicit gender-career and gender-science bias trends. Project Implicit collects 

and allows access to data surrounding implicit biases, gathered through their Implicit Association 

Tests (IAT) [32]. Specifically, this study focuses on both gender-career bias (measuring the 
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implicit bias of males with careers and females with family-related roles) and gender-science 

bias (measuring the implicit bias of males associated with science and females associated with 

liberal arts). The Project Implicit database was selected for use due to the extensive set of 

existing data, allowing for large-scale population-level analysis rather than direct participant 

recruitment. The goal of the analysis was to compare the patterns of implicit bias related to 

gender-career and gender-science between rural and urban populations. The primary variable of 

interest in the study is the final IAT score, which reflects the strength of implicit bias.   

In describing our methodology and use of Project Implicit data, it is important to note that some 

researchers have raised concerns regarding the interpretation and use of Project Implicit data [33] 

- [35]. Researchers argue that the test’s reliability is based on context or in the test-taker 

environment, leading to concerns about the implicit bias measurements [33]. Additionally, 

researchers point out that while the IAT can reveal implicit bias, its ability to predict individual 

behavior remains debated [34]. Questions have also been raised about the Project Implicit dataset 

relying on voluntary participation and online testing, which may introduce biases into the data 

[35]. While these concerns are important, this study focuses specifically on gender-career and 

gender-science bias, where prior research suggests more consistent group-level patterns, 

reducing some concerns about instability [36]. Furthermore, the large (approximately 118,500) 

and diverse sample supports the identification of broad population-level trends, though it may 

not fully represent the U.S. population. Additionally, the IAT is used for its ability to capture 

implicit associations that individuals may not be able to consciously report. Accordingly, the 

results are interpreted at the group level rather than as indicators of individual attitudes or 

behaviors. 

Implicit Association Testing 

The Implicit Association Tests quantify the strength of associations between concepts and 

stereotypes. The IAT has been used in a variety of studies and is known for its reliability in 

measuring group-level patterns in unconscious associations [36] in areas ranging from race [37] 

to gender differences in math [38]. Specifically, the gender-career IAT measures implicit biases 

between traditional stereotypes (males with careers, females with family-centered roles) and non-

traditional stereotypes (females with careers, males with family-centered roles). The gender-

science IAT measures implicit biases between traditional stereotypes (males associated with 

science, females associated with liberal arts) and non-traditional stereotypes (females associated 

with science, males associated with liberal arts). This makes it a valuable tool to study implicit 

gender biases. 

Individuals (above the age of 18) can voluntarily become participants in Project Implicit by 

going to the affiliated website, where they can take one of the fourteen tests available. The 

participants complete seven sections of rapid categorization, where they sort words into four 

groups, depending on the subject. For this study, the groups for gender-career bias would be 

male, female, career, and family, while the groups for gender-science bias would be male, 
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female, science, and liberal arts. This test measures the participant's reaction time from pairing 

stereotypical and non-stereotypical pairings.  

The test is conducted by having participants categorize words that appear on their screen as 

quickly as possible. There is a total of 4 categories, 2 of which are male and female, while the 

others are career and family. The screen will then flash a word or name and time how long it 

takes for the button corresponding to the correct category to be pressed. If the “wrong” category 

is selected, a red “X” will then appear on the screen until the mistake is fixed. There is a total of 

seven blocks of these tests, blocks 1, 2, and 5 test participants using only one concept (either 

gender or career) to test their reaction speed. Once the basis is identified, they use blocks 3, 4, 6, 

and 7 to test stereotypical and non-stereotypical pairings. For example, in blocks 3 and 4, 

participants were asked to classify a name or word as “male or career” versus “female or 

family”. While in blocks 6 and 7, participants were asked to classify a name or word as “male or 

family” versus “female or career”. Half of the participants completed the stereotypical pairing 

first, while the other half completed the non-stereotypical first. 

Data Analysis 

The open-source data for gender-career and gender-science implicit bias from 2012–2022 were 

obtained from Project Implicit and used for this study. The data were first filtered to remove any 

participants who had not completed sufficient demographic information (such as their gender, 

religiosity, education, primary caregiver, and postal code) to be fully analyzed in this study. Any 

participant outside the United States was also excluded from the dataset. Once finalized, 

participants were classified into geographical locations of either rural or urban areas based on 

self-reported locations. As described previously, the test directly utilized U.S. ZIP code 

information to distinguish between rural and urban communities. 

Because IAT scores exhibit substantial individual-level variability but greater stability when 

aggregated, this study focuses on group-level comparisons rather than individual-level 

prediction. Prior large-scale analyses have demonstrated that mean IAT D-scores provide a more 

stable indicator of cultural bias patterns than individual scores, making aggregation appropriate 

for examining systemic differences across populations [38]. Accordingly, mean IAT scores were 

used to represent implicit bias levels within groups (such as rural and urban). To assess 

differences between groups, independent samples t-tests were conducted to compare mean IAT 

scores across rural and urban populations for both gender-career and gender-science measures. 

This approach aligns with common analytical strategies used in large-scale IAT datasets, where 

the goal is to compare differences in magnitude across groups rather than model individual-level 

predictors. While multivariate approaches could further isolate the effects of demographic 

variables, this study prioritizes descriptive group-level comparisons to identify broad patterns in 

the data. 
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Although p < 0.05 is a commonly used threshold for statistical significance, large datasets can 

produce statistically significant results even for small effects. Therefore, a more conservative 

threshold of p < 0.01 was used to indicate meaningful differences. All comparisons met this 

threshold, indicating statistically significant differences between groups. However, given the 

large sample size, results are interpreted with attention to effect size and practical significance 

rather than statistical significance alone. 

Findings 

Gender-Career Bias 

Figure 1 (left) shows the average IAT scores over the years 2012-2022 for geographic context-

based gender-career bias, while Figure 2 (right) shows the average IAT scores over the years 

2012-2022 for gender-based gender-career bias. As a reminder, a higher IAT score represents a 

stronger implicit bias. For Figure 1, participants in rural areas exhibit slightly higher average bias 

than those in urban areas over time. For Figure 2, however, women exhibit substantially higher 

average bias than men. 

   
Figures 1 and 2: Geographic Context-Based Gender-Career Bias and Gender-Based Gender-

Career Bias 
 

Figure 3 shows the average IAT scores over the years 2012-2022 for the combined effects of 

gender (women vs. men) and location (rural vs. urban) on gender-career bias. This reconfirms 

that gender differences are more pronounced than geographic differences. Women in rural areas 

exhibit slightly higher bias than women in urban areas, while men show minimal differences 

across geographic contexts. This pattern highlights the stronger role of gender relative to location 

in gender-career implicit bias. 
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Figure 3: Effects of Location and Gender on IAT Scores 

 

Figures 4, 5, and 6 show the average IAT scores over the years 2012-2022 for various external 

factors for gender-career bias. Figure 4 (left) shows the primary caregiver-based gender-career 

bias; Figure 5 (right) shows the education-based gender-career bias, and Figure 6 shows the 

religion-based gender-career bias. These characteristics were taken from the participant self-

reports, where the data were categorized into two groups for comparison. The main distinctions 

for these include caregiving status (primary vs. non-caregiver), education level (college vs. non-

college educated), and religious affiliation (religious versus non-religious). Figure 4 shows that 

participants whose mother or stepmother was their primary caregiver exhibit higher average 

gender-career bias compared to those whose primary caregiver was their father or stepfather. In 

Figure 5, no consistent trend is observed across education levels. In Figure 6, participants 

identifying as religious exhibit higher average bias than those identifying as non-religious. Taken 

together, these results suggest that gender-career implicit bias is more strongly associated with 

sociodemographic and experiential factors than with geographic context. 

 

    



From Community Bias to Career Pathways  WIED Division – Full Research Paper 

 

   
 

Figure 4 and 5: Primary Caregiver-Based Gender-Career Bias and Education-Based Gender-

Career Bias 

 

 
Figure 6: Religion-Based Gender-Career Bias 

 

Gender-Science Bias 
 

Figures 7 and 8 show the average IAT scores for geographic and gender-based differences in 

gender-science bias, respectively. In Figure 7 (left), participants in rural areas again exhibit 

slightly higher average IAT scores than those in urban areas. In Figure 8 (right), however, men 

exhibit higher average bias than women, which contrasts with the pattern observed in gender-

career bias. 

 

    
Figures 7 and 8: Geographic Context-Based Gender-Science Bias and Gender-Based Gender-

Science Bias 
 

Figure 9 shows the combined effects of gender and location on gender-science bias. Men exhibit 

consistently higher IAT scores than women across both rural and urban settings, with minimal 

geographic variation. In contrast, women in rural areas exhibit slightly higher bias than women 

in urban areas, though the difference remains modest. 
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Figure 9: Effects of Location and Gender on IAT Scores 

 
Figures 10 and 11 show the effects of additional demographic factors on gender-science bias. 

Figure 10 presents education-based differences, while Figure 11 presents religion-based 

differences. In Figure 10, no consistent overall trend is observed across the decade, despite some 

variation in recent years. In Figure 11, no clear relationship is observed between religiosity and 

gender-science bias. (Primary caregiver data were not available for the gender-science IAT and 

are therefore not included.) 

 

    
Figures 10 and 11: Effects of Education on IAT Scores and Effects of Religion on IAT Scores 

 

Discussion 

The primary purpose of this study was to examine the effect of regional background on implicit 

bias to better understand young women’s career decision-making, guided by social cognitive 

career theory. The results yielded two main findings. First, gender-career bias aligned more 

strongly with sociodemographic and experiential factors (most notably gender) than with 

regional background. This pattern is consistent with prior research identifying personal values 
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such as the desire to help others, self-efficacy, and financial stability as dominant influences on 

women’s career choices [30], [31]. It also aligns with social cognitive career theory, which 

emphasizes the central role of self-efficacy, outcome expectations, and personal goals in shaping 

career pathways [19]. 

The second key finding of this work is that, despite not being the largest driver, regional context 

is still a notable contributor to implicit bias. Women from rural backgrounds exhibited slightly 

higher levels of implicit bias in both gender-career and gender-science measures compared to 

their urban counterparts. Although modest, this difference suggests that regional background 

may contribute to differences in implicit bias through its influence on developmental contexts. 

Resource-limited STEM environments, common in rural settings [18], may shape exposure to 

role models, access to opportunities, and social reinforcement, which are factors closely tied to 

self-efficacy within social cognitive career theory. As a result, reduced access to STEM 

opportunities and role models may be associated with lower STEM-specific self-efficacy and 

stronger implicit gender–science associations, potentially discouraging pursuit of STEM careers. 

In contrast, young women in urban areas are more likely to encounter STEM-rich environments, 

including greater access to coursework, extracurricular opportunities, and visible role models 

[18]. These experiences may support the development of stronger STEM-related self-efficacy 

and more positive outcome expectations, which are associated with the formation of STEM-

oriented career goals. 

Taken together, these findings indicate that while individual sociodemographic and experiential 

factors are the primary drivers of implicit bias, developmental and educational contexts remain 

important in shaping how these biases form and persist. Efforts to broaden participation in 

STEM should therefore address both individual-level factors and structural disparities in access 

to resources and role models, particularly in rural communities. These results further suggest a 

need for targeted educational and community-based interventions that support rural young 

women in overcoming both structural STEM limitations and implicit gender–science bias. 

One additional finding from this data is that men had stronger gender-science bias than women, 

whereas women had stronger gender-career bias than men. This pattern may reflect domain-

specific internalization of societal stereotypes, where individuals tend to reproduce the 

associations most culturally linked to their socially salient roles. Men may more strongly exhibit 

traditional gender-science associations due to historical overrepresentation in STEM, whereas 

women may more strongly internalize or recognize societal expectations linking women with 

caregiving and men with careers, leading to higher bias in the gender-career domain. 

Conclusion  

This study examined demographic and geographic patterns in implicit gender-career and gender-

science bias using a decade of Implicit Association Test data through the lens of social cognitive 

career theory. Gender-career bias was primarily associated with sociodemographic and 

experiential factors, highlighting the central role of personal values, self-efficacy, and outcome 
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expectations in shaping career-related attitudes. While regional differences were smaller, women 

from rural backgrounds exhibited slightly higher implicit bias, suggesting that limited access to 

STEM resources and role models may influence STEM-specific self-efficacy and outcome 

expectations. These findings indicate that implicit biases are shaped by both individual 

characteristics and the developmental contexts in which they occur. Efforts to broaden STEM 

participation in rural areas should address structural barriers, expand educational opportunities, 

and provide visible role models to strengthen self-efficacy, align outcome expectations with 

STEM goals, and support the pursuit of STEM pathways.  

  



From Community Bias to Career Pathways  WIED Division – Full Research Paper 

 

   
 

References 

[1] “Global STEM Workplace - Society of Women Engineers,” Society of Women Engineers. 

https://swe.org/research/2025/global-stem-workplace/ [Accessed 29 September 2025] 

[2] M. Meyer, A. Cimpian, and S.-J. Leslie, “Women are underrepresented in fields where 

success is believed to require brilliance,” Frontiers in Psychology, vol. 6, Mar. 2015, doi: 

10.3389/fpsyg.2015.00235. [Accessed 6 October 2025] 

[3] D. N. Beede, T. A. Julian, D. Langdon, G. McKittrick, B. Khan, and M. E. Doms, “Women 

in STEM: A Gender Gap to Innovation,” SSRN Electronic Journal, vol. 04-11, no. 04-11, 

2011, https://papers.ssrn.com/sol3/papers.cfm?abstract_id=1964782 [Accessed 6 October 

2025] 

[4] M. Irvin, S. Y. Byun, W.S. Smiley, & B. C. Hutchins (2017). Relation of opportunity to learn 

advanced math to the educational attainment of rural youth. American Journal of 

Education, 123(3), 475-510. 

[5] B. Peterson, G. Bornemann, C. Lydon, & K. West (2015). Rural students in Washington 

State: STEM as a strategy for building rigor, postsecondary aspirations, and relevant 

career opportunities. Peabody Journal of Education, 90(2), 280-293. 

[6] R. Worsham, A. Clayton, & J. G. Graves (2021). Exploring rural engineering students’ 

college choice process at two land-grant universities. The Rural Educator, 42(3), 28-44. 

[7] S. Y. Byun, J. L. Meece, & C. A. Agger (2017). Predictors of college attendance patterns of 

rural youth. Research in Higher Education, 58, 817-842.   

[8] “Implicit Bias,” American Psychological Association. https://www.apa.org/topics/implicit-

bias [Accessed 14 September 2025] 

[9] “About us.”, Harvard University. https://implicit.harvard.edu/implicit/aboutus.html 

[Accessed 14 September 2025] 

[10] B. A. Nosek, M. Banaji, and A. G. Greenwald, “Harvesting implicit group attitudes and 

beliefs from a demonstration web site.,” Group Dynamics Theory Research and Practice, 

vol. 6, no. 1, pp. 101–115, Jan. 2002, doi: 10.1037/1089-2699.6.1.101. [Accessed 14 

September 2025] 

[11] I. W. Maina, T. D. Belton, S. Ginzberg, A. Singh, and T. J. Johnson, “A decade of studying 

implicit racial/ethnic bias in healthcare providers using the implicit association test,” 

Social Science & Medicine, vol. 199, pp. 219–229, May 2017, doi: 

10.1016/j.socscimed.2017.05.009. [Accessed 14 September 2025] 

https://swe.org/research/2025/global-stem-workplace/
https://www.apa.org/topics/implicit-bias
https://www.apa.org/topics/implicit-bias
https://implicit.harvard.edu/implicit/aboutus.html


From Community Bias to Career Pathways  WIED Division – Full Research Paper 

 

   
 

[12] C. Staats, “Understanding implicit bias: What educators should know.” American Educator 

[Online]. Available: https://files.eric.ed.gov/fulltext/EJ1086492.pdf [Accessed 6 October 

2025] 

[13] B. A. Nosek et al., “National differences in gender–science stereotypes predict national sex 

differences in science and math achievement,” Proceedings of the National Academy of 

Sciences, vol. 106, no. 26, pp. 10593–10597, Jun. 2009, doi: 10.1073/pnas.0809921106. 

[Accessed 5 October 2025] 

[14] M. Joan, The Long-Term Effects of Teachers' Gender Stereotypes on Labor Outcomes. IZA 

Discussion Paper No. 17674, https://ssrn.com/abstract=5134002  [Accessed 5 October 

2025] 

[15] S. M. Jackson, A. L. Hillard, and T. R. Schneider, “Using implicit bias training to improve 

attitudes toward women in STEM,” Social Psychology of Education, vol. 17, no. 3, pp. 

419–438, May 2014, doi: 10.1007/s11218-014-9259-5. [Accessed 14 September 2025] 

[16] B. K. Payne, H. A. Vuletich, and K. B. Lundberg, “The Bias of Crowds: How implicit bias 

bridges personal and systemic prejudice,” Psychological Inquiry, vol. 28, no. 4, pp. 233–

248, Oct. 2017, doi: 10.1080/1047840x.2017.1335568. 

[17] R. Del Angel and D. Verzi, “Do implicit female negative associations with mathematics 

display cultural or regional biases?,” Journal of Statistics and Management Systems, vol. 

19, no. 1, pp. 119–140, Jan. 2016, doi: 10.1080/09720529.2015.1084785. [Accessed 18 

August 2025] 

[18] G. K. Saw and C. A. Agger, “STEM pathways of Rural and Small-Town students: 

opportunities to learn, aspirations, preparation, and college enrollment,” Educational 

Researcher, vol. 50, no. 9, pp. 595–606, Jun. 2021, doi: 10.3102/0013189x211027528. 

[Accessed 18 August 2025] 

[19] “Social cognitive career theory (SCCT) | Research Starters | EBSCO Research,” EBSCO. 

https://www.ebsco.com/research-starters/business-and-management/social-cognitive-

career-theory-scct [Accessed 28 September 2025] 

[20] Administrator, “Social Cognitive Career Theory - Career Development - IResearchNet,” 

Career Research, Dec. 10, 2016. https://career.iresearchnet.com/career-

development/social-cognitive-career-theory/ 
 

[21] N. A. Mozahem, “Social cognitive theory and women’s career choices: an agent—based 

model simulation,” Computational and Mathematical Organization Theory, vol. 28, no. 

1, pp. 1–26, Oct. 2020, doi: 10.1007/s10588-020-09317-6. [Accessed 28 September 

2025] 

https://files.eric.ed.gov/fulltext/EJ1086492.pdf
https://ssrn.com/abstract=5134002
https://www.ebsco.com/research-starters/business-and-management/social-cognitive-career-theory-scct
https://www.ebsco.com/research-starters/business-and-management/social-cognitive-career-theory-scct
https://career.iresearchnet.com/career-development/social-cognitive-career-theory/
https://career.iresearchnet.com/career-development/social-cognitive-career-theory/


From Community Bias to Career Pathways  WIED Division – Full Research Paper 

 

   
 

[22] H. Gao, T. Evans, and G. Brown, “Exploring Gender Differences in Tertiary Mathematics-

Intensive Fields: A Critical Review of Social Cognitive Career Theory,” arXiv.org, Aug. 

16, 2025. https://arxiv.org/abs/2508.12180 [Accessed 28 September 2025] 

[23] R. C. H. Chan, “A social cognitive perspective on gender disparities in self-efficacy, 

interest, and aspirations in science, technology, engineering, and mathematics (STEM): 

the influence of cultural and gender norms,” International Journal of STEM Education, 

vol. 9, no. 1, May 2022, doi: 10.1186/s40594-022-00352-0. [Accessed 28 September 

2025] 

[24] U.S. Department of Commerce, Economics and Statistics Administration, and U.S. Census 

Bureau, “2020 Census Participant Statistical Areas Program (PSAP) Quick reference: 

Census Tracts,” Nov. 2018. [Online]. Available: 

https://www2.census.gov/geo/pdfs/partnerships/psap/G-650.pdf [Accessed 14 January 

2026] 

[25] Federal Office of Management and Budget, Federal Executive Committee on Metropolitan 

Areas, and Bureau of the Census, Metropolitan areas. 1990, pp. 1–4. [Online]. Available: 

https://www2.census.gov/geo/pdfs/reference/GARM/Ch13GARM.pdf [Accessed 14 

January 2026] 

[26] “OSF.” https://osf.io/gmewy/files/osfstorage [Accessed 9 January 2026] 

[27] T. Pateman, “Rural and urban areas: comparing lives using rural/urban classifications,” 

Regional Trends, vol. 43, no. 1, pp. 11–86, Jun. 2011, doi: 10.1057/rt.2011.2. [Accessed 

8 October 2025] 

[28] H. F. Gale, United States Department of Agriculture, and Economic Research Service, “Is 

there a Rural-Urban technology gap?,” Aug. 1997. [Online]. 

https://www.ers.usda.gov/webdocs/publications/42136/52148_aib73601.pdf?v=0 

[Accessed 8 October 2025] 

[29] R. M. Wood * and International Research Journals, “A Review on Education differences in 

Urban and Rural Areas,” Mar. 2023. [Online]. Available: 

https://www.interesjournals.org/articles/a-review-on-education-differences-in-urban-and-

rural-areas.pdf [Accessed 8 October 2025] 

[30] M. A. Eisenhart, John Hopkins University Press, “Women Choose their Careers: A study of 

Natural Decision making,” Review of Higher Education, vol. 8, no. 3, pp. 247–270, Jan. 

1985, doi: 10.1353/rhe.1985.0020. [Accessed 28 September 2025]  

[31] M. Nungsari, J. W. Chin, K. Ngu, M. F. S. Abdullah, & S. Flanders (2023). Dreams vs 

Reality: Urban and Rural Female Youth Aspirations. Journal of Career Assessment, 

32(1), 79-100. https://doi.org/10.1177/10690727231177911 [Accessed 19 October 2025] 

https://arxiv.org/abs/2508.12180
https://www2.census.gov/geo/pdfs/partnerships/psap/G-650.pdf
https://www2.census.gov/geo/pdfs/reference/GARM/Ch13GARM.pdf
https://osf.io/gmewy/files/osfstorage
https://www.ers.usda.gov/webdocs/publications/42136/52148_aib73601.pdf?v=0
https://www.interesjournals.org/articles/a-review-on-education-differences-in-urban-and-rural-areas.pdf
https://www.interesjournals.org/articles/a-review-on-education-differences-in-urban-and-rural-areas.pdf
https://doi.org/10.1177/10690727231177911


From Community Bias to Career Pathways  WIED Division – Full Research Paper 

 

   
 

[32] “Project Implicit.” Project Implicit, 

www.projectimplicit.net/#:~:text=Project%20Implicit%20is%20a%20nonprofit,decision

%2Dmaking%2C%20and%20behavior. [Accessed 17 Dec. 2024] 

[33] F. L. Oswald, G. Mitchell, H. Blanton, J. Jaccard, and P. E. Tetlock, “Predicting ethnic and 

racial discrimination: A meta-analysis of IAT criterion studies.,” Journal of Personality 

and Social Psychology, vol. 105, no. 2, pp. 171–192, Jun. 2013, doi: 10.1037/a0032734. 

[34] H. Blanton, J. Jaccard, J. Klick, B. Mellers, G. Mitchell, and P. E. Tetlock, “Strong claims 

and weak evidence: Reassessing the predictive validity of the IAT.,” Journal of Applied 

Psychology, vol. 94, no. 3, pp. 567–582, May 2009, doi: 10.1037/a0014665. 

[35] U. Schimmack, “Invalid claims about the validity of implicit association tests by prisoners 

of the implicit Social-Cognition paradigm,” Perspectives on Psychological Science, vol. 

16, no. 2, pp. 435–442, Mar. 2021, doi: 10.1177/1745691621991860. 

[36] B. A. Nosek et al., “Pervasiveness and correlates of implicit attitudes and stereotypes,” 

European Review of Social Psychology, vol. 18, no. 1, pp. 36–88, Aug. 2007, doi: 

10.1080/10463280701489053. 

[37] L. A. Rudman and R. D. Ashmore, “Discrimination and the implicit association test,” Group 

Processes & Intergroup Relations, vol. 10, no. 3, pp. 359–372, Jul. 2007, doi: 

10.1177/1368430207078696. 

[38] B. A. Nosek and F. L. Smyth, “Implicit social cognitions predict sex differences in math 

engagement and achievement,” American Educational Research Journal, vol. 48, no. 5, 

pp. 1125–1156, Jun. 2011, doi: 10.3102/0002831211410683. 


