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Examining Rural Identity Among High School
Computer Science Students

Abstract

Students in geographically rural areas of the United States have less access to
computer science education and are underrepresented in computer science majors and
careers. At the same time, many rural occupations such as agriculture are becoming
reliant on technology, and there is a need for skilled computer scientists with a rural
background and skillset to develop effective tools and software that can be used in those
occupations.

In addition, the values of grit, determination, self-sufficiency, and perseverance often
studied in rural populations are also attributed to successful computer scientists. Given
the need for rural students to participate in computer science careers, and the overlap
in rural values and the qualities of good computer scientists, why do rural students
not see themselves as future computer scientists, and why are they not interested in
computer science majors and careers?

In this paper, we examine the geographical definition of “rural” as used by many
researchers (based on the definition from the National Center for Education Statistics
NCES) that is often applied homogenously across a school district or even entire county.
We explore and validate a survey instrument used to measure ”rural identity” of students
at the individual level. In doing so, we discover a more broad and nuanced definition of
“rural” that varies widely within individual schools.

By analyzing this rich dataset, we build the case that defining individual students
as “rural” based on geographical location is insufficient to account for variances in their
interest in computer science careers and their own self-identity as someone who could
be a computer scientist. We use this information to inform future research and propose
new avenues for engaging “rural” students in computer science.

1 Introduction

The Computer Science For All Initiative [1] set a goal of “offering every student the hands-on
computer science and math classes that make them job ready on day one” [2]. Previous
research has shown that rural students have less access and less participation in computer
science education than their urban peers [3]. In fact, approximately one in five students in
the United States who attend rural schools have been labeled “The Forgotten 20%” [4] due
to the achievement gap compared to non-rural schools.

Although increasing access to computer science education in rural areas is one part of the
solution, what is often overlooked in this discussion is the need to increase rural students’
interest in learning computer science and pursuing further education or careers related to
computer science. Rural middle and high school teachers in our professional development
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program [5] often report that they struggle to recruit enough students to enroll in their
classes.

Previous work explored student identity, mindsets, and motivations related to studying
computer science [6] and other STEM fields such as physics [7]. However, that research does
not explicitly explore differences between rural and non-rural students, making it difficult to
apply to a rural population.

Recently, researchers have identified a new phenomenon in rural areas that causes a strong
rural identity that may play an important role in worldview and decision making. This rural
identity remains largely unexamined in the realm of computer science education; however,
understanding it may lead to better methods to increase rural student interest in computer
science.

We propose a definition of and a scale to measure the strength of rural identity among middle
and high school students studying computer science. We also examine correlations between
rural identity and computer science interest and identity. We aim to provide rural identity
questions to add to future surveys, enabling useful intersectional analysis of rural identity
and other factors contributing to student interest in computer science.

Specifically, we pose the following research questions:

RQ1: To what extent does our measure of rural identity correlate with other measures of
ruralness within this population

RQ2: Is rural identity homogenous within a school district?

RQ3: What correlations are there between rural identity and motivation toward or interest
in computer science education or careers?

2 Literature Review

2.1 Rural Student Research Gap

Research on engaging rural students in computer science (CS) education is sparse but
increasing. A search for the keyword “rural” among SIGCSE sponsored articles in the ACM
Digital Library carried out in September 2024 yielded 147 research article results, 39 of which
have been published only in the last two years.

Much of the previous research on the participation of rural students in computer science is
focused on the lack thereof [8, 9, 10, 11]. For example, Warner et al. in Texas found that all
racial and ethnic subgroups in their study had less access to computer science education and
less participation in computer science in rural areas than the baseline across the entire state
for each subgroup [3].

Other research focuses on specific interventions, such as the introduction of a particular tool
(e.g., Alice [12]), device (e.g. robots [13, 14, 15, 16]), or concept (e.g., game design [16]) to
increase student interest. Additional research on rural student access to CS is situated within
the context of a particular country (e.g., El Salvador [14], Chile [17]).



A further area of emphasis is the introduction of CS to Native American students [18, 19, 20],
who themselves are often located in rural areas. In addition, research has focused on embedding
CS in other rural K-12 classes [21], such as language arts [15] or mathematics [22].

Finally, a major area of emphasis in existing research is developing and examining training
programs focused on K-12 teachers serving rural areas [17, 23, 16, 24, 25, 26, 27, 5]. This is
an important piece of the puzzle, since quality CS education is based on the availability of
teachers capable of teaching the material, especially in rural areas that struggle to recruit
teachers at all.

Unfortunately, very little of the research found explores why rural students choose to study
or not study computer science, whether they see themselves as a future computer scientist,
and how a student’s rural identity may impact that decision. In fact, students themselves are
often not surveyed at all, most likely due to the difficulty in collecting consent and survey
data from students spread across multiple schools.

Several notable papers examine rural student interest in CS. Qazi et al. discussed the
introduction of the Exploring Computer Science (ECS) curriculum to many schools throughout
Alabama, including several rural districts primarily serving African-American students. They
measured student interest and confidence in CS, and most of the responses averaged 3.5 -
4.0 on a 5-point Likert scale [28]. Hu et al. described a similar project that brought ECS to
students in Utah in 2016 and also included many rural schools [29]; unfortunately, no student
data was presented in that article.

2.2 Rural

Much of the existing research regarding rural participation in CS uses a location-based
approach to determine what constitutes rural vs. non-rural, but often definitions are not
clearly defined. Alas, there are many competing definitions of what it means to be “rural” in
education.

The United States Department of Agriculture (USDA) distinguishes metro counties by
population size and nonmetro counties by degree of urbanization and adjacency to a metro
area. This definition is often used in agricultural and economics research, but the granularity
is at the county level. For states with fewer, large counties, it may not accurately depict
how quickly an urban or suburban area can transition into a rural area, as those transitions
largely do not follow county borders when applying a locale-based approach.

The National Center for Education Statistics (NCES) defines four different locale types
(urban, suburban, town, rural), each with three different subtypes, and assigns each a unique
two-digit locale code [30]:

• City

11 Large: Inside principal city of 250,000 or more

12 Midsize: Inside principal city of 100,000 to 250,000

13 Small: Inside principal city of <100,000



• Suburban

21 Large: Outside large city but in urbanized area

22 Midsize: Outside midsize city but in urbanized area

23 Small: Outside small city but in urbanized area

• Town

31 Fringe: Inside urban cluster <10 miles from urbanized area

32 Distant: Inside urban cluster 10 - 25 miles from urbanized area

33 Remote: Inside urban cluster >35 miles from urbanized area

• Rural

41 Fringe: <5 miles from urbanized area or <2.5 miles from urban cluster

42 Distant: 5 - 25 miles from urbanized area or 2.5 - 10 miles from urban cluster

43 Remote: >25 miles from urbanized area and >10 miles from urban cluster

This definition is a bit more granular than the one provided by the USDA, operating at the
school district level instead of the county level. Under this scheme, more than 40% of the
schools in the United States are situated in either town or rural locales [31].

This is the definition of “rural” most commonly used in education research, and it is sensible
for any projects that discuss the lack of access to CS education in rural schools to use this
definition as those concerns are mostly due to the school being situated in a rural location,
often with fewer resources than a non-rural school.

However, we believe that defining “rural” in terms of a locale is not the appropriate definition
to use when examining student interest and motivation to study CS, since decisions are not
driven solely by location, but by the identity of the students themselves. Although it may be
derived from that location, interest and motivation may also be impacted by other factors.
Grouping an entire school of students together under a single heading ignores the individual
nuances that we actually want to study and influence.

In our own experience, we have observed that students in rural schools possess a wide range
of identities, both influenced by their rural locale but also by their own experiences and
interests. In effect, we feel that rural identity is not homogeneous within a school district
and should not be treated as such. So, in order to properly study “rural” as an identity, we
must first develop a working definition of identity.

2.3 Identity

Formation of identity is an important component of modern education [32]. In fact, previous
research in CS education has examined the overlap between a student’s own identity and the
perceived identity of a computer scientist as a predictor of success [6]. In order to properly
discuss rural identity, we must first determine how identity is defined.



Gee discusses four different ways to view identity [33]:

• Nature-Identity (e.g. “I am a twin”)

• Institution-Identity (e.g. “I am a professor”)

• Discourse-Identity (e.g. “I am charismatic”)

• Affinity-Identity (e.g. “I am a Trekkie”)

These identities are derived from a source of power, such as ones applied by an institution or
developed within the discourse of a group, but are only applicable if they are recognized by
both the person to whom they are applied and others.

Similarly to Gee’s concept of a discourse-identity, Sfard & Prusak discuss the importance of
defining identity through narrative. Specifically, they discuss a special type of identity that
consists of stories a person tells to themselves about themselves, stating that these stories
are “usually intended when the word identity is used unassisted by additional specifications...
the first-person self-told identities are likely to have the most immediate impact on our
actions” [34]. They also note the difference between an actual identity, which a person already
has, and a designated identity, which is an identity that a person aspires to obtain. This
concept of designated identity is therefore extremely important for educational research.

Noting the lack of a clear definition of identity in social science research, Abdelal et al.
propose a framework to define and measure identity, with the stated goal of positioning
“identity as a variable” in research [35]. Their proposed framework for measuring identity
consists of understanding the content, or meaning, of the identity through the analysis of
the constitutive norms, social purposes, relational comparisons, and cognitive models present
within the identity. Their framework also includes the degree of contestation, or agreement,
within the group that holds a shared identity, as each person may view the identity in a
different way [35]

To measure identity, Abdelal et al. suggest many methods, including analysis of the discourse
within a group, the content produced by the group, as well as various modeling techniques and
surveys. Of particular note, they state that surveys “are fairly straightforward in the way they
tap into the content of identities. Their questions often inquire directly into self-described
attributes, attitudes, and practices that respondents believe that they should express as a
member of X social group” [35].

2.4 Rural Identity

Researchers in social sciences have recently identified a complex, shared group identity
dubbed rural consciousness [36, 37, 38, 39] that is seen as a powerful driving force behind the
worldview and decision-making process of many people in rural areas. Walsh describes the
influence of this identity as operating “as a lens through which people think about themselves,
other people, and public affairs, among other things” [36]. We feel that the strength of this
rural consciousness identity, as shown in much of the existing research on that identity’s
impact on political views, is further proof that the concept of an individual’s rural identity
should be clearly considered within an educational setting.



For the purposes of this work, we define rural identity primarily as an affinity identity as
defined by Gee, as we see rural identity as a collective shared experience that builds upon
common practices within a group [33]. We also see rural identity aligned with the concept
of a self-told narrative identity and actual identity as defined by Sfard & Prusak, since we
feel that those who have a strong rural identity would largely self-describe themselves as
rural [34]. Finally, we follow the framework and methodology proposed by Abdelal et al. by
examining the constitutive norms and social purposes of the shared rural identity through
the use of surveys asking about self-described attitudes and practices that make up that
identity [35]. Our definition of rural identity is given in Definition 1.

Definition 1 Rural identity in this context is an affinity for other rural persons that is pri-
marily experienced as a self-told narrative about one’s own self and actions. It is characterized
by shared experiences, common practices, and social norms found primarily in rural areas.

To measure rural identity, Oser et al. developed the Rural Identity Scale (RIS) as part of
their research on health outcomes within rural populations [40]. Their definition of identity
largely matches our own, making it applicable to this project. The scale consists of 15 survey
questions rated on a 4-point Likert scale, with each item asking about a particular attitude,
practice, or social norm found in rural communities. Their initial work sought to provide
initial validation of the scale, but was limited due to the populations used, located only
within a single state and not representative of a larger rural populace.

In this work, we explore the use of the RIS questions as one way to measure the rural identity
of middle and high school students studying computer science.

3 Methodology

We conducted student surveys distributed to middle and high schools using our Cyber Pipeline
curriculum. Each teacher who registered to use our curriculum was asked to distribute and
collect parental consent forms. Students were allowed to complete the surveys in the classroom
or at home at the discretion of the teacher.

A total of five surveys were distributed. All surveys and procedures were reviewed and
approved by our university’s Institutional Review Board (IRB):

• Rural Identity Survey

• Rural Identity Addendum

• Careers Survey (adapted from [6])

• Mindsets & Motivations Survey (adapted from [7])

• Demographics Survey

The first section of the rural identity survey was adapted from the 15 RIS items [40], replacing
“county” with “community” in most of the items. Two items regarding local politics and
history in the RIS were omitted as we felt they would not be as relevant to a school-age
audience. All items were presented as a 5-point Likert scale, ranging from “Strongly Disagree”
to “Strongly Agree.” The items included from the RIS in this survey are listed below:



Q1: I feel a sense of belonging with people who live in my community

Q2: Everyone knows one another’s business in my community

Q3: I exchange good or services with my neighbors (e.g., food, farm equipment, and
assistance)

Q4: I go to local town hall or community meetings

Q5: I talk with a country accent

Q6: I have weekly dinners with my extended family

Q7: I plan to live in this community all my life

Q8: I follow local high school athletics

Q9: My immediate family works in land-related production and/or extraction, such as
farming, raising livestock, cutting lumber, and mining

Q10: I or my family cans or preserves vegetables, fruits, and/or herbs

Q11: I go to family reunions

Q12: I go to the annual community festival or fair

Q13: My family members have lived in this community for generations

The second section of the rural identity survey inquired about a student’s inspirations,
mentors, experiences mentoring others, and access to computing resources. These questions
were adapted from [6].

The rural identity addendum survey was distributed later in the semester to collect additional
data based on initial feedback. There are three direct questions regarding rural identity on a
5-point Likert scale:

AQ1: I am a rural person

AQ2: My classmates would say I am a rural person

AQ3: I live in a rural area

It also includes a question asking the student if they live within the city limits of a city or
town (yes, no, not sure) and another asking approximately how many minutes it takes to
drive from home to school (integer response). Our goal is to correlate these direct measures
of identity with the RIS results to see if a simpler demographic question can be used in the
future.

4 Data Collection

We partnered with 25 schools, with a total anticipated enrollment of 416 students across 38
unique courses. Of these, we received parental consent forms from 13 schools, and 11 of those
schools had at least one student complete the surveys.



Table 1: Survey Responses

School NCES Locale Responses

U1 12: Urban Midsize 9
S1 21: Suburban Midsize 8
S2 21: Suburban Midsize 20
T1 31: Town Fringe 1
T2 32: Town Distant 5
T3 33: Town Remote 26
T4 33: Town Remote 5
R1 42: Rural Distant 6
R2 42: Rural Distant 11
R3 43: Rural Remote 3
R4 43: Rural Remote 12

N = 106

Since this work relies primarily on the results of the rural identity survey, responses to that
survey were collected first. We received 192 total responses. Of that number, five student
responses were removed due to students opting out. In the case of duplicate but complete
responses, the earliest response for each student was kept. A response was considered complete
as long as all questions on the rural identity scale were completed, even if later questions
were omitted. An additional 81 responses were removed as duplicate responses, incomplete
responses, or due to lack of parental consent, leaving a total of 106 valid responses. A list of
anonymized school districts, locales, and the number of valid responses received can be found
in Table 1.

The responses to the other surveys were collected and matched with the valid responses from
the same student to the rural identity survey. A total of 72 responses were matched from
the careers survey, 76 responses from the mindsets & motivations survey, 70 responses from
the demographic survey, and 11 responses from the rural identity addendum. Once all data
was matched and verified, all identification information was removed from the data and the
school districts were randomly named according to the NCES locale codes.

5 Data Analysis

5.1 Principal Axis Factoring

We first performed an Exploratory Factor Analysis (EFA) procedure on the 13 questions
included from the RIS to determine whether all measured variables loaded onto a single factor
or multiple factors [41]. Given that we believe that rural identity data may not be normally
distributed (e.g., bimodal, with students either strongly or not strongly feeling connected
to a rural identity), we performed the Principal Axis Factoring (PAF) technique since it
is appropriate for such data [41]. This assumption was confirmed using the Shapiro-Wilk
normality test on each individual item, where observed p values were much less than the



p > 0.05 standard for a normally distributed variable; therefore, the responses to individual
items of the RIS were not normally distributed. This follows the framework used by Oser et
al. in the original analysis of the RIS [40].

Cronbach’s alpha α was used as a measure of the internal consistency of our survey. Our data
produced α = 0.81, which is considered good. Removing any single item did not increase
reliability (α = [0.79, 0.81]). Therefore, we believe that the survey is internally reliable and
consistently measures a single characteristic.

To perform PAF, we followed the process described in [42] using R version 4.4.2. We started
by determining whether the data were suitable for PAF. The Kaiser-Meyer-Olkin (KMO)
measure of sampling adequacy determined if enough data had been collected to perform
factor analysis. The KMO value for our data was 0.8, which is considered good. Next, we
used Bartlett’s Test of Sphericity to verify the null hypothesis that variables are unrelated.
Our data yielded χ2(78) = 317.318, p < 1e − 29, with a p value less than 0.05 indicating
that the correlations are large enough for factoring. Finally, checking the determinant of
the correlation matrix tests if the variables are too highly correlated. The determinant of
our dataset was 0.041, which is greater than 0.00001, which indicates that it is suitable for
analysis [43].

Several criteria were considered when determining the number of factors to analyze. First,
Kaiser’s criteria of eigenvalues greater than 1 led to a single factor solution, though it is worth
noting that one of the eigenvalues was exactly 1 so a two factor solution is also supported.
Analysis of the scree plot of eigenvalues also suggested a two-factor solution. Finally, prior
work on the RIS would indicate that a one-factor solution is expected. We chose to analyze
models extracting both one and two factors. Each model was explored using orthogonal
(varimax) and oblique (oblimin) rotation. The oblimin rotation was chosen as the preferred
model as we believe that the factors present in the data are correlated.

We considered items with a factor loading of 0.40 significant. A single factor solution yielded
11 items with significant loading. This accounted for 26% of the total variance. The two-factor
solution had five items loaded in the first factor and three items in the second factor, which
is a total of 31% of the total variance. An item that was loaded on both factors was omitted.
The items and significant factor loadings greater than 0.40 are shown in Table 2.

While the two-factor solution does produce some interesting results and may provide the basis
for future work, we will use the single-factor solution for the rest of this analysis as it fits most
closely with the prior work already performed on this scale by the original authors.

5.2 Correlations

Using the factor loadings of the single-factor solution above, we computed a weighted rural
identity (WRI) measure based on responses to the RIS survey for each student. The Shapiro-
Wilk normality test on the resulting data produced p = 0.80, much larger than the p > 0.05
standard; therefore the new WRI measure is normally distributed. The mean WRI value
was 1.40 with a standard deviation of 0.38. Larger WRI values indicate a stronger rural
identity.



Table 2: Significant Factor Loadings

Item 1 Factor 2 Factor A 2 Factor B

Q1 0.46 0.61
Q2
Q3 0.65
Q4 0.48 0.63
Q5 0.47 0.58
Q6 0.45 0.56
Q7 0.50
Q8 0.49 0.66
Q9 0.66 0.44
Q10 0.55
Q11 0.44
Q12 0.45
Q13 0.63 0.53

Next, we performed an exploratory analysis in Excel by computing the Pearson’s correlation
coefficient ρ between the WRI and other measured items from the various surveys, examining
any interesting results. All survey items were presented as a 5-point Likert scale. In our
review, Pearson’s correlations ρ > 0.30 were considered interesting and p < 0.01 significant.
The results of this analysis are presented in Table 3.

5.3 Homogeneity Of Rural Identity

We also examined the homogeneity of rural identity within each school district using a scatter
plot. That data is presented in Figure 1

6 Results

6.1 RQ1 - Rural Identity Correlation To Ruralness

We examined how well the WRI (calculated from the RIS after factor analysis) correlated with
other ways to measure rural identity. We first grouped students by the major category (urban,
suburban, town, rural) of the NCES locale assigned to their school district. We observed a
mean WRI of 1.50 for students in rural schools, 1.48 for town, 1.17 for suburban, and 1.19 for
urban. To determine significance, we performed a pairwise t-test of the WRI between each of
these student populations. We observed significant differences between suburban and town,
and suburban and rural populations, with p < 0.02 for each. This provides clear evidence
that the WRI measured in suburban populations is statistically different from town and rural
populations. We did not expect to find a difference between town and rural populations, and
our urban population sample was small enough (N = 9) that we did not expect to reach
significance. Overall, this provides strong evidence that the WRI correlates well with NCES
locales.



Table 3: Interesting & Significant Correlations

Item ρ N p

How important have the following people been in your learning how
to use computers?
c. My mother 0.57 100 <.001
e. My guardian 0.47 100 <.001
f. My sister 0.31 100 <.005
h. Another relative (uncle, aunt, cousin, etc.) 0.42 100 <.001
j. Other adult in my community 0.42 100 <.001

In the future, can you see yourself...
b. Becoming a computer programmer or engineer of some sort? -.31 72 <0.01
j. Becoming a doctor or nurse? 0.30 72 <0.01
r. Taking a computer programming class in high school? -0.36 72 <0.005
w. Learning more about programming? -0.31 72 <0.01
y. Majoring in computer science in college? -0.3 72 <0.005

How much do you agree with each statement?
a. I would like to learn more about computers -0.36 72 <0.005
d. Learning about what computers can do is fun -0.30 72 <0.01
e. I am NOT the kind of person who works well with computers 0.32 72 <0.01
h. I like the idea of taking computer classes -0.32 72 <0.005

Figure 1: Scatter Plot of Rural Identity by School District



We also calculated Pearson’s correlation coefficient ρ between the WRI and responses to
the rural identity addendum survey. Although a high degree of correlation was observed
(ρ = 0.50) between the WRI and the clearly stated identity question “I am a rural person,”
we only received N = 11 valid responses to that survey; therefore, with p = 0.11 it was not
significant. We still feel very strongly that a such a clear identity question in a demographic
survey may be sufficient for measuring rural identity, and plan to continue to collect data in
order to test that claim.

6.2 RQ2 - Rural Identity Homogeneity

We examine the data shown in Figure 1. A clear example can be found in the data for school
R4, a rural school with N = 12 responses. In that single rurally located school district, we
observe both our smallest (0.52) and largest (2.44) WRI values. We see similar results in
school district T3, with a wide range from 0.87 to 2.13. Even suburban district S2 and urban
district U1 include multiple WRI values above the global average of 1.40. We believe that
this provides clear evidence that our measure of rural identity is not homogeneous among
students within a school district.

6.3 RQ3 - Correlations Between RIS And Computing Interest

We observed significant correlations in three broad areas. First, we observed that a higher
WRI was correlated with a higher agreement that female figures, such as a mother or sister,
were important in learning how to use computers. The survey included similar questions
asking about fathers and brothers, which did not show significant correlations. We also
observed similar high correlations between WRI and the importance of a guardian, another
relative, or another adult in the community in learning how to use computers. We believe this
may be evidence of the importance of having a mentor encouraging rural students to pursue
taking classes in computing in school, and also the diverse nature of those mentors.

We also observed significant negative correlations between higher WRI (and, therefore,
stronger rural identity) and students viewing themselves as a future computer programmer or
taking future computing courses. Although this was not unexpected, it is still very powerful
to find such strong evidence of our belief that students with a rural identity do not view
themselves as compatible with careers or future study in computer science. We believe that
this result alone underscores the importance of identifying rural students as underrepresented
in computer science and focusing our Broadening Participation in Computing (BPC) efforts
in that direction.

Finally, we observed similarly strong correlations between higher WRI and overall lack of
interest and excitement in learning more about computers, taking computer classes, or
generally working well with computers at all. Again, this underscores the importance of
future work to understand how rural identity interacts with the mindsets and motivations to
study computer science, and the development of targeted interventions to help encourage
more rural students to explore CS.

Another interesting result was an observed significant correlation between WRI and the
number of people sharing a primary computer at home. Although that question was presented



as a numerical response and not a 5-point Likert scale, it correlated with the weighted rural
identity with Pearson’s ρ = 0.35(p < 0.001;N = 97).

None of the items in the mindsets & motivation survey showed interesting or significant
correlations to the weighted rural identity.

7 Limitations

Data for this project were collected from schools within a single state in the United States.
The students who participated in the study had already enrolled in at least one computer
science course (equivalent to CS0/AP CS P or CS1/AP CS A) using curriculum provided by
the authors. Therefore, the student sample is not wholly representative of all students or all
rural students, and our analysis should not be generalized in that way.

Several authors of this paper identify as rural and are dedicated to improving the access and
quality of CS courses in rural schools. Therefore, we may bring our own biases based on our
prior experience and ongoing outreach work to this analysis.

8 Conclusion & Future Work

In this project, we proposed a definition of rural identity for use in educational research.
We then explored using the Rural Identity Scale (RIS) to measure the rural identity of
middle and high school computer science students. We used principal factor analysis to
calculate a single factor solution that created a weighted rural identity measure (WRI) for
each student. We showed that the measure correlated well with the rural locale and was
significantly different between suburban populations and those in towns or rural areas. We
then explored correlations between the WRI and various other survey measures of interest
in and motivation to study computer science. We found positive correlations between WRI
and several types of mentors helping students learn to use computers, but many negative
correlations between WRI and interest in computer science as a future area of study or a
career.

We plan to extend this work to develop a simple, reliable measure of a student’s rural identity,
which we hope to include in future demographic surveys. We also plan to continue to collect
and analyze data as part of our ongoing work to increase access to computer science courses
in rural areas. We also plan to explore targeted interventions to increase rural student interest
in computer science as a future area of study or career path.

9 Acknowledgments

This material is based upon work supported by the National Science Foundation under Grant
No. 2216625.



References

[1] M. Smith, “Computer science for all,” 2016. [Online]. Available: https:
//obamawhitehouse.archives.gov/blog/2016/01/30/computer-science-all

[2] B. Obama, “Remarks of president barack obama –
state of the union address as delivered,” 2016. [Online].
Available: https://obamawhitehouse.archives.gov/the-press-office/2016/01/12/
remarks-president-barack-obama-%E2%80%93-prepared-delivery-state-union-address

[3] J. R. Warner, J. Childs, C. L. Fletcher, N. D. Martin, and M. Kennedy, “Quantifying
disparities in computing education: Access, participation, and intersectionality,” in
Proceedings of the 52nd ACM Technical Symposium on Computer Science Education,
ser. SIGCSE ’21. New York, NY, USA: Association for Computing Machinery, 2021, p.
619–625. doi: 10.1145/3408877.3432392 .

[4] A. Johnson, M. Kuhfeld, and J. Soland, “The forgotten 20%: Achievement and growth
in rural schools across the nation,” AERA Open, vol. 7, p. 23328584211052046, 2021.
doi: 10.1177/23328584211052046 .

[5] N. H. Bean, J. L. Weese, R. Feldhausen, D. S. Allen, and M. Friend, “Building the
cyber pipeline: Providing cs education for rural k-12 schools,” in Proceedings of the 56th
ACM Technical Symposium on Computer Science Education V. 1. New York, NY, USA:
Association for Computing Machinery, 2025. doi: 10.1145/3641554.3701840 .

[6] M. Friend, “Middle school girls’ envisioned future in computing,” Computer Science
Education, vol. 25, pp. 152–173, 4 2015. doi: 10.1080/08993408.2015.1033128 .

[7] H. Lee, S. L. Yu, M. Kim, and A. C. Koenka, “Concern or comfort with social comparisons
matter in undergraduate physics courses: Joint consideration of situated expectancy-
value theory, mindsets, and gender,” Contemporary Educational Psychology, vol. 67, 10
2021. doi: 10.1016/j.cedpsych.2021.102023 .

[8] C. Rhoton, “Examining the state of cs education in virginia’s high schools,” in Proceedings
of the 49th ACM Technical Symposium on Computer Science Education, ser. SIGCSE
’18. New York, NY, USA: Association for Computing Machinery, 2018, p. 970–974. doi:
10.1145/3159450.3159492 .

[9] M. A. Park and J. Lee, “Rural minorities in computing education: A study of ru-
ral schools with no cs/it courses in oklahoma,” in 2016 International Conference on
Computational Science and Computational Intelligence (CSCI), 2016, pp. 370–373. doi:
10.1109/CSCI.2016.0076 .

[10] F. McNeill, B. Baycheva, A.-S. Dadzie, and E. Mitchell, “Exploring the impact of school
location on young people’s likelihood of studying computing in scotland,” in Proceedings
of the 2023 Conference on Innovation and Technology in Computer Science Education
V. 1, ser. ITiCSE 2023. New York, NY, USA: Association for Computing Machinery,
2023, p. 389–395. doi: 10.1145/3587102.3588810 .

https://obamawhitehouse.archives.gov/blog/2016/01/30/computer-science-all
https://obamawhitehouse.archives.gov/blog/2016/01/30/computer-science-all
https://obamawhitehouse.archives.gov/the-press-office/2016/01/12/remarks-president-barack-obama-%E2%80%93-prepared-delivery-state-union-address
https://obamawhitehouse.archives.gov/the-press-office/2016/01/12/remarks-president-barack-obama-%E2%80%93-prepared-delivery-state-union-address
https://doi.org/10.1145/3408877.3432392
https://doi.org/10.1177/23328584211052046
https://doi.org/10.1145/3641554.3701840
https://doi.org/10.1080/08993408.2015.1033128
https://doi.org/10.1016/j.cedpsych.2021.102023
https://doi.org/10.1145/3159450.3159492
https://doi.org/10.1109/CSCI.2016.0076
https://doi.org/10.1145/3587102.3588810


[11] G. I. . G. Inc., “Computer science learning: Closing the gap: Rural and small town
school districts,” 2017. [Online]. Available: https://goo.gl/hYxqCr

[12] B. T. Fasy, S. A. Hancock, B. Z. Komlos, B. Kristiansen, S. Micka, and A. S. Theobold,
“Bring the page to life: Engaging rural students in computer science using alice,” in
Proceedings of the 2020 ACM Conference on Innovation and Technology in Computer
Science Education, ser. ITiCSE ’20. New York, NY, USA: Association for Computing
Machinery, 2020, p. 110–116. doi: 10.1145/3341525.3387367 .

[13] E. Matson, S. DeLoach, and R. Pauly, “Building interest in math and science for rural
and underserved elementary school children using robots,” Journal of STEM Education:
Innovations and Research, vol. 5, no. 3, 2004.

[14] M. Coenraad, B. J. Fofang, and D. Weintrop, “Gusanos y espheros: Computing with
youth in rural el salvador,” in Proceedings of the 52nd ACM Technical Symposium on
Computer Science Education, ser. SIGCSE ’21. New York, NY, USA: Association for
Computing Machinery, 2021, p. 404–410. doi: 10.1145/3408877.3432535 .

[15] H. Tang, Y. Qian, and S. Porter-Voss, “Enhancing rural students’ computer science
self-efficacy in a robotics-based language arts course,” Education and Information
Technologies, pp. 1–18, 2024. doi: 10.1007/s10639-024-12875-w .

[16] J. Leonard, M. Mitchell, J. Barnes-Johnson, A. Unertl, J. Outka-Hill, R. Robinson, and
C. Hester-Croff, “Preparing teachers to engage rural students in computational thinking
through robotics, game design, and culturally responsive teaching,” Journal of Teacher
Education, vol. 69, no. 4, pp. 386–407, 2018. doi: 10.1177/0022487117732317 .

[17] J. Simmonds, F. J. Gutierrez, C. Casanova, C. Sotomayor, and N. Hitschfeld, “A teacher
workshop for introducing computational thinking in rural and vulnerable environments,”
in Proceedings of the 50th ACM Technical Symposium on Computer Science Education,
ser. SIGCSE ’19. New York, NY, USA: Association for Computing Machinery, 2019, p.
1143–1149. doi: 10.1145/3287324.3287456 .

[18] B. do Amaral, B. T. Fasy, O. Firth, S. A. Hancock, P. Jeffers, B. Z. Komlos, B. Mc-
Coy, and S. Windchief, “Integrating computer science into middle school curricula
through storytelling: A lesson plan on beaded bags of the columbia plateau,” in Pro-
ceedings of the ACM Conference on Global Computing Education Vol 1, ser. CompEd
2023. New York, NY, USA: Association for Computing Machinery, 2023, p. 50–56. doi:
10.1145/3576882.3617913 .

[19] J. Chipps, B. T. Fasy, S. A. Hancock, and B. McCoy, “Ant and bear dance for dokweebah:
Using a skokomish story to engage middle school students in event-driven programming,”
in Proceedings of the ACM Conference on Global Computing Education Vol 1, ser.
CompEd 2023. New York, NY, USA: Association for Computing Machinery, 2023, p.
43–49. doi: 10.1145/3576882.3617920 .

[20] A. Amresh, J. Hovermill, W. Yan, and P. Prescott, “Broadening computing participation
in the navajo nation,” in Proceedings of the 2024 on Innovation and Technology in

https://goo.gl/hYxqCr
https://doi.org/10.1145/3341525.3387367
https://doi.org/10.1145/3408877.3432535
https://doi.org/10.1007/s10639-024-12875-w
https://doi.org/10.1177/0022487117732317
https://doi.org/10.1145/3287324.3287456
https://doi.org/10.1145/3576882.3617913
https://doi.org/10.1145/3576882.3617920


Computer Science Education V. 1, ser. ITiCSE 2024. New York, NY, USA: Association
for Computing Machinery, 2024, p. 695–700. doi: 10.1145/3649217.3653551 .

[21] A. Yadav, H. Hong, and C. Stephenson, “Computational thinking for all: Pedagogical
approaches to embedding 21st century problem solving in k-12 classrooms,” TechTrends,
vol. 60, pp. 565–568, 2016. doi: 10.1007/s11528-016-0087-7 .

[22] M. Brannon and E. Novak, “Coding success through math intervention in an elementary
school in rural amish country,” Journal of Computer Science Integration, vol. 2, no. 2,
pp. 1–10, 2019. doi: 10.26716/jcsi.2019.02.2.1 .

[23] I. A. Lee, M. Psaila Dombrowski, and E. Angel, “Preparing stem teachers to offer new
mexico computer science for all,” in Proceedings of the 2017 ACM SIGCSE Technical
Symposium on Computer Science Education, ser. SIGCSE ’17. New York, NY, USA:
Association for Computing Machinery, 2017, p. 363–368. doi: 10.1145/3017680.3017719 .

[24] J. R. Warner, C. L. Fletcher, R. Torbey, and L. S. Garbrecht, “Increasing capacity for
computer science education in rural areas through a large-scale collective impact model,”
in Proceedings of the 50th ACM Technical Symposium on Computer Science Education,
ser. SIGCSE ’19. New York, NY, USA: Association for Computing Machinery, 2019, p.
1157–1163. doi: 10.1145/3287324.3287418 .

[25] P. E. Astrid K Northrup, A. C. Burrows, and T. F. Slater, “Identifying implementation
challenges for a new computer science curriculum in rural western regions of the united
states,” Problems of Education in the 21st Century, vol. 80, no. 2, pp. 353–370, 2022.
doi: 10.33225/pec/22.80.353 .

[26] S. Morrissey, T. Koballa, R. Allen, J. Godfrey, M. Dias, S. Utley, and D. Clements,
“Designing a program to develop computer science master teachers for an underserved rural
area,” Journal of STEM Teacher Education, vol. 58, no. 1, p. 3, 2023. doi: 10.61403/2158-
6594.1488 .

[27] C. Broneak and J. Rosato, “Experiences of rural cs principles educators,” in 2021 Con-
ference on Research in Equitable and Sustained Participation in Engineering, Computing,
and Technology (RESPECT), 2021, pp. 1–2. doi: 10.1109/RESPECT51740.2021.9620685 .

[28] M. A. Qazi, J. Gray, D. M. Shannon, M. Russell, and M. Thomas, “A state-wide effort to
provide access to authentic computer science education to underrepresented populations,”
in Proceedings of the 51st ACM Technical Symposium on Computer Science Education,
ser. SIGCSE ’20. New York, NY, USA: Association for Computing Machinery, 2020, p.
241–246. doi: 10.1145/3328778.3366955 .

[29] H. H. Hu, C. Heiner, and J. McCarthy, “Deploying exploring computer science statewide,”
in Proceedings of the 47th ACM Technical Symposium on Computing Science Education,
ser. SIGCSE ’16. New York, NY, USA: Association for Computing Machinery, 2016, p.
72–77. doi: 10.1145/2839509.2844622 .

[30] N. C. for Education Statistics (NCES), “Nces locale classifications and criteria,” 2024.
[Online]. Available: https://nces.ed.gov/surveys/annualreports/topical-studies/locale/
definitions

https://doi.org/10.1145/3649217.3653551
https://doi.org/10.1007/s11528-016-0087-7
https://doi.org/10.26716/jcsi.2019.02.2.1
https://doi.org/10.1145/3017680.3017719
https://doi.org/10.1145/3287324.3287418
https://doi.org/10.33225/pec/22.80.353
https://doi.org/10.61403/2158-6594.1488
https://doi.org/10.61403/2158-6594.1488
https://doi.org/10.1109/RESPECT51740.2021.9620685
https://doi.org/10.1145/3328778.3366955
https://doi.org/10.1145/2839509.2844622
https://nces.ed.gov/surveys/annualreports/topical-studies/locale/definitions
https://nces.ed.gov/surveys/annualreports/topical-studies/locale/definitions


[31] N. C. for Education Statistics, “Table 214.40. public elementary and secondary
school enrollment, number of schools, and other selected characteristics, by
locale: Fall 2012, fall 2021, and fall 2022,” 2023. [Online]. Available:
https://nces.ed.gov/programs/digest/d23/tables/dt23 214.40.asp

[32] A. Kaplan and H. Flum, “Identity formation in educational settings: A critical focus for
education in the 21st century,” Contemporary Educational Psychology, vol. 37, no. 3, pp.
171–175, 2012. doi: 10.1016/j.cedpsych.2012.01.005 .

[33] J. P. Gee, “Identity as an analytic lens for research in education,” Review
of Research in Education, vol. 25, pp. 99–125, 2000. [Online]. Available:
http://www.jstor.org/stable/1167322

[34] A. Sfard and A. Prusak, “Telling identities: In search of an analytic tool for investigating
learning as a culturally shaped activity,” Educational Researcher, vol. 34, no. 4, pp.
14–22, 2005. doi: 10.3102/0013189X034004014 .

[35] R. Abdelal, Y. M. Herrera, A. I. Johnston, and R. McDermott, “Identity as a variable,”
Perspectives on Politics, vol. 4, no. 4, p. 695–711, 2006. doi: 10.1017/S1537592706060440 .

[36] K. C. Walsh, “Putting inequality in its place: Rural consciousness and the power of
perspective,” American Political Science Review, vol. 106, no. 3, pp. 517–532, 2021. doi:
10.1017/S0003055412000305 .

[37] N. F. Jacobs and B. K. Munis, “Place-based imagery and voter evaluations: Experimental
evidence on the politics of place,” Political Research Quarterly, vol. 72, no. 2, pp. 263–277,
2019. doi: 10.1177/1065912918781035 .

[38] K. C. Walsh, The Politics of Resentment: Rural Consciousness in Wisconsin and the
Rise of Scott Walker. The University of Chicago Press, 2016.

[39] T. Ollerenshaw, “The heterogeneous associations of rural consciousness and political
preferences,” APSA Preprints, 2023. doi: 10.33774/apsa-2023-h0x53 .

[40] C. B. Oser, J. Strickland, E. J. Batty, E. Pullen, and M. Staton, “The rural identity
scale: Development and validation,” Journal of Rural Health, vol. 38, pp. 303–310, 1
2022. doi: 10.1111/jrh.12563 .

[41] T. Brown, Confirmatory Factor Analysis for Applied Research, Second Edition, ser.
Methodology in the Social Sciences. Guilford Publications, 2015. [Online]. Available:
https://books.google.com/books?id=tTL2BQAAQBAJ

[42] L. Bikos, ReCentering psych stats: Psychometrics. Seattle Pacific University Library,
2024. [Online]. Available: https://lhbikos.github.io/ReC Psychometrics/

[43] N. Shrestha, “Factor analysis as a tool for survey analysis,” American Journal of Applied
Mathematics and Statistics, vol. 9, no. 1, pp. 4–11, 2021. doi: 10.12691/ajams-9-1-2 .

https://nces.ed.gov/programs/digest/d23/tables/dt23_214.40.asp
https://doi.org/10.1016/j.cedpsych.2012.01.005
http://www.jstor.org/stable/1167322
https://doi.org/10.3102/0013189X034004014
https://doi.org/10.1017/S1537592706060440
https://doi.org/10.1017/S0003055412000305
https://doi.org/10.1177/1065912918781035
https://doi.org/10.33774/apsa-2023-h0x53
https://doi.org/10.1111/jrh.12563
https://books.google.com/books?id=tTL2BQAAQBAJ
https://lhbikos.github.io/ReC_Psychometrics/
https://doi.org/10.12691/ajams-9-1-2

	Introduction
	Literature Review
	Rural Student Research Gap
	Rural
	Identity
	Rural Identity

	Methodology
	Data Collection
	Data Analysis
	Principal Axis Factoring
	Correlations
	Homogeneity of Rural Identity

	Results
	RQ1 - Rural Identity Correlation to Ruralness
	RQ2 - Rural Identity Homogeneity
	RQ3 - Correlations between RIS and Computing Interest

	Limitations
	Conclusion & Future Work
	Acknowledgments

