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ABSTRACT
Teacher isolation, where only one teacher at a school is teaching a
particular subject, has been reported as one of the biggest challenges
for computer science (CS) teachers in the US. However, the extent
of CS teacher isolation has not been documented beyond teachers’
self report. We use 14 years of middle and high school data from
California to determine factors a�ecting the likelihood of CS being
o�ered or a CS teacher being isolated at a school. We �nd that
teachers in CS experience isolation at a higher rate than almost
all other subjects and that larger schools are more likely to have
one or more CS teachers. We extend prior work by showing that
schools with a greater proportion of students underrepresented
in computing are less likely to o�er CS even when controlling for
school size.
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1 INTRODUCTION
Research has found that access to K-12 CS learning opportunities
is unequally available in the US by race, ethnicity, socio-economic
status, and urbanicity (i.e., population density) [16]. These pat-
terns of disparate access mirror patterns of underrepresentation of
racial/ethnic groups in CS majors and CS careers [47]. Equitable
access to CS learning opportunities is imperative because CS is a
relatively new �eld [20, 21, 35] with an enormous impact that is not
equitable across society [10, 22, 32]. Students could bene�t from CS
learning opportunities to understand and shape the computational
world around them [31].

Scholars have sought to understand K-12 CS inequity using the
CAPE Framework [23, 46]. The CAPE Framework focuses on how
inequality can be present in the Capacity of a district to o�er CS,
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the Access students have to CS courses, the Participation of stu-
dents in CS courses, and the Experiences of students in CS courses.
Our research focuses on CS teachers as they are central to under-
standing equity and inequity in Capacity, Access, Participation, and
Experiences. CS teacher isolation can limit the Access to CS and
negatively impact the Experience of both students and teachers.
We focus speci�cally on the reported problem of CS teacher isola-
tion (i.e., being the only CS teacher at their school) [15] due to its
importance in improving CS education.

In the United States, isolation was identi�ed as one of the �ve
main challenges for CS teachers, with 55% of CS teachers reporting
being the only CS teacher at their school in 2013 [15]. However,
survey self-reports may be inaccurate or non-representative and
therefore may not re�ect the true rates of CS teacher isolation at the
time of that study. Additionally, current rates of CS teacher isolation
and how they have changed as CS education has expanded in the
subsequent decade are unknown. Accurately measuring rates of CS
teacher isolation is important because teacher isolation can neg-
atively impact teachers and their students. In contrast to isolated
CS teachers, non-isolated CS teachers have the potential to collabo-
rate, and the resulting teacher social networks can bene�t students’
exam scores [39, 41]. Having opportunities to collaborate with and
learn from other CS teachers at their school may address some of
the insu�cient training for CS teachers [18], many of whom are
credentialed in other disciplines [12]. Additionally, non-isolated
CS teachers indicate a larger capacity to allow more students to
participate in CS coursework.

Our work is inspired by analyses from physics education because
K-12 physics education su�ers from similar problems of inequitable
access [28] and additional challenges caused by isolated teachers.
In particular, Kelly and Sheppard [29] found that small schools of
a few hundred students were less likely to have physics courses.
These small schools were created as part of the Small Schools Move-
ment and were meant to improve the experience of students from
underrepresented groups. Previous work has focused on relation-
ships between student demographics and CS access [44, 45] but has
not considered school size. Some districts in California participated
in the Small Schools Movement as well [14], which created the
possibility that disparities in access to CS could be attributed to
more students in underrepresented groups being in these smaller
schools. Ultimately, larger schools may have more capacity to of-
fer CS courses or other electives due to being able to hire more
teachers.

Our work explores how school characteristics, such as school
size and urbanicity, impact a school’s capacity to o�er CS. We also
investigate whether these school characteristics impact whether
the school has an isolated CS teacher, further exacerbating issues
of equity and access. We use data from California because we can
access fourteen years of teacher, course, and student data from
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over 1,000 districts, over 10,000 schools, and over six million stu-
dents. Additionally, di�erent regions in California vary in their
demographics, �nancial resources, and population density.

Motivated by the goal of understanding and addressing current
patterns of inequity, our research extends prior work to document
the current state of CS teacher isolation and takes into account the
impact of school size to address the following research questions:

RQ1: How do rates of CS teacher isolation vary over time and
compare to other subjects?
RQ2: To what extent do school size, urbanicity, or student demo-
graphics a�ect the likelihood that a school:

• (a) does not o�er CS?
• (b) has only a single (i.e., isolated) CS teacher?
• (c) has more than one (i.e., non-isolated) CS teacher?

We �nd that teachers in CS experience isolation at a higher rate
than almost all other subjects. We provide a more comprehensive
view of teacher isolation than is possible from survey data. We
also illustrate di�erences between middle school and high school
teachers. While prior research has documented teacher isolation
in other subjects in other states [34], these rates of isolation had
previously not been demonstrated in CS. Our �ndings illustrate that
despite recent improvements, California shows a high rate of CS
teacher isolation. Based upon previous work highlighting the bene-
�ts of social networks [7, 38] and the negative impacts of teacher
isolation [8], supporting CS teachers who experience isolation may
improve their work experience and lead to better student outcomes.
Our �ndings support previous work documenting disparities in CS
education access and additionally demonstrate that these access
disparities persist even when accounting for school size. We sug-
gest that when expanding the number of CS teachers in a school or
district is not possible, support could be o�ered through targeted
professional development funding and additional resources.

2 PREVIOUS RESEARCH
Prior research has looked at who is taking computer science at a
high school level and have highlighted disparities in access for Black
and Hispanic students when compared to white students [44, 45].
There is further evidence of disparities in terms of access within
underrepresented populations when considering intersectionality
[45]. Additionally, there is research that has looked to determine
school characteristics that might aid in expanding access or help
further explain disparities, such as course modality and urbanic-
ity [17]. However, there is no research to the authors’ knowledge
that considers access to CS courses while accounting for student
demographics, school size, and urbanicity simultaneously.

We use the CAPE Framework [23] to help us understand fac-
tors that impact equality in K-12 CS education. Notably, the CAPE
framework expands beyond typical measures of Access and textit-
Participation to consider the underlying Capacity within educa-
tional systems to teach CS as well as student Experience . Some of
the components of capacity are having the resources, teachers, and
the facilities to teach CS. Teacher isolation both a�ects the access
to CS, as one CS teacher may not be enough to provide all students
in a school the opportunity to take a course, and experience, as it
can a�ect both teacher and subsequently student experience.

2.1 Teacher Isolation and Social Networks
Teacher isolation has the potential to negatively impact teachers in a
variety of ways. Researchers have classi�ed teacher isolation along
di�erent dimensions: geographic isolation (i.e., how geographically
distant teachers are from other teachers or resources), intellectual
isolation (i.e., how there is a lack of access to teachers they could
collaborate with), and social isolation (i.e., how distant they feel
to the community outside of work) [4]. Prior work has focused
primarily on geographic and intellectual isolation as it has the
potential to cause teachers to burn out, leave their current school,
or exit the profession entirely [4, 8, 9]. Geographic and intellectual
isolation are also the types of teacher isolation where policymakers
have the greatest opportunity for impact; social isolation is more
di�cult to legislate solutions for. This paper focuses on intellectual
isolation, particularly on lacking access to teachers to collaborate
with on the same subject.

Research has found that teacher social networks can lead to an
increase in teacher self-e�cacy [40, 42] and retention [7, 38], and
positively in�uence student performance [2]. For example, profes-
sional development provided by the Exploring Computer Science
(ECS) program speci�cally for the US-based high school course ECS
after “[r]recognizing that teachers who teach CS are often isolated
within their schools without organized academic departments of
colleagues” [36, p. 352]. Teachers that attended this professional
development reported “increased understanding, con�dence, and
application of inquiry and equity-based teaching practice” [36, p.
356]. Understanding CS teachers’ intellectual isolation and the cor-
responding challenges of not having a social network is important.
While some of these CS teachers might have experience teach-
ing other subjects, many could bene�t from resources and other
teaching support speci�c to CS teaching.

2.2 Social networks and teacher self-e�cacy
Formal social networks can foster communities to improve teachers’
con�dence in their curriculum and their self-e�cacy [40, 42]. Ban-
dura argued that successful learning environments rest heavily on
teacher’s self-e�cacy [6]. Researchers examined 20 middle school
math departments across two districts and found that more con-
nections in a teacher social network were associated with higher
collective e�cacy among school sta� [11]. However, researchers
have found that social connections are not always enough and
that providing curriculum strategies and speci�c guidance have the
most positive impact on instructional practices and self-e�cacy
[42].

2.3 Social networks and teacher retention
Teachers report that collaborations and professional learning com-
munities (PLCs) were important for their learning and their decision
to stay in the profession [7]. In the U.S. from 2007 to 2012, around
17% of new teachers left teaching every year [25]. However, new
teachers appear to be less likely to leave their schools where there is
high engagement among teachers [37]. Reducing teacher turnover
is important because it is expensive to recruit and train new hire
teachers. These costs are more recurrent for lower-resource schools
where turnover is more common [3]. Teacher retention is also a
particular concern for increasing the number of teachers of color as
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data suggests that non-white teachers have higher turnover rates
than white teachers [1]. Workforce morale is also in�uenced by
teacher turnover as being in a school with high turnover rate is
reported by teachers to be stressful [27].

2.4 Social networks and student performance
Researchers found that teachers who interact with higher perform-
ing peers improve their own students’ performance [26], and that
the addition of a higher performing teacher to a school improves
the performance of all teachers in it [41]. One explanation as to
why higher performing teachers seem to bene�t all teachers is that
higher performing teachers are more likely to initiate pedagogical
discussions which in turn improved their instructional practices
[39]. However, teacher interactions seem to in�uence teaching prac-
tices more when these are from the same school, with across school
teacher interactions providing less curriculum support [5].

In summary, teacher social networks appear to bene�t teacher
self-e�cacy, teacher retention, and student achievement. Collec-
tively, teacher isolation can impact student experience. Additionally,
teacher isolation can impact capacity and access within schools be-
cause fewer teachers in a school reduces the ability of the school to
o�er su�cient CS courses for all students. There is limited research
looking to measure teacher isolation with longitudinal, statewide
data. Analyzing the extent of CS teacher isolation is relevant to
be able to better support them and to improve access to social
networks and their bene�ts.

3 DATA
3.1 Data Source
The data used is from the California Department of Education.
California has detailed, privacy-compliant, non-traceable data that
includes the courses taught in schools (see Section 3.1.2), numeric
identi�ers for who teaches them (see Section 3.1.3), and details on
school size, urbanicity, and students’ demographics (see Section
3.1.1). There is annual data available from Fall 2003 until Fall 2018
with the exception of Fall 2010. We use California data in large part
because it is public data with a fourteen year time frame. As of the
2019-2020 school year, in California there are 1029 districts and
10,545 schools serving over 6 million students. To add context to
our results, the number of high schools o�ering CS has doubled
in the �fteen years from 2003 until 2018, reaching 1120 schools in
2018.

3.1.1 School information: size, student demographics, urbanicity.
The dataset provides the total enrollment per school, which refers
to how many students are registered at that school, and is what
we refer to as school size. The dataset also provides the percentage
of the enrollment of students of various demographics by school
and district. Speci�cally, there is both the percentage based on
race/ethnicity as well as percentage of students receiving free or
reduced-price lunch (FRPL).1 The percentage of students receiving
FRPL is used in the literature as a common, but coarse, proxy for
estimating the percentage of students from low-income households

1Students are eligible to receive lunch prepared at their school for free or at a reduced
price when their household income is at or below the eligibility guidelines provided
by the US Department of Agriculture.

[30]. The dataset provides the urbanicity of the school districts.
Urbanicity is divided into four categories from least to most densely
populated: rural, town, suburban, and urban [24]. This is calculated
by the average population density of the district.

3.1.2 Course Classification. California provides course data per
school. At the middle school and high school levels, California
provides the names of courses o�ered in each school in each year.
California does not provide a speci�c classi�cation for CS courses
and so a category was created based on previous work [12]. This
category was created by classifying course codes based on their
title and course description. In our analysis, the subjects considered
are CS, math, English Language Arts (ELA), art, and science; we
further split art and science. Science teachers were grouped by
�ve class categories: general science, life science, earth and space
science, physics, and chemistry. These were chosen as they are
the categories that are involved in California’s science graduation
requirements for middle schools and high schools [33]. Art was
classi�ed under the �ve categories speci�ed by California: Music,
Theater, Visual Arts, Media Arts, and Dance. Math and ELA teachers
require a single certi�cation to teach any courses from their subject.
In contrast, science and art teachers teach substantially di�erent
courses with varied certi�cation requirements, and were given a
narrower de�nition of isolation than math or ELA teachers.

3.1.3 Teacher Information. Each teacher has a unique identi�er
across their courses from each year, but not across years. This
means that we can identify the courses a teacher taught within a
year but cannot track a teacher over multiple years. We classify
a teacher with their given subject by what courses are associated
with each unique teacher identi�er. For example, we considered
the number of CS teachers in a school to be the number of unique
teacher identi�ers to be associated with at least one CS course in a
given year.

3.1.4 Defining Peers and Isolation. We consider a teacher isolated
in their school if they had no peers at their school teaching the same
subject. Since some teachers teach multiple subjects, we classi�ed
teachers by the subjects they teach, such that a teacher might be
considered isolated in some subjects but not others.

4 METHODS
To answer RQ1, we focused on comparing rates of isolation across
time and subject. To answer RQ2, we use the following three out-
comes (i) there being no CS teacher at the school, (ii) there being an
isolated CS teacher, and (iii) there beingmore than one CS teacher at
the school. We predict our three outcomes across �ve distinct linear
regression models, with outcomes represented below by$DC2><4BC
for school s and year t. These outcomes were all coded to be binary.
That is, schools were coded as 1 for our third outcome if they had
more than one CS teacher at their school, and coded 0 otherwise.
Our resulting linear probability model is presented below:

$DC2><4BC = V1B2⌘>>;(8I4BC + V2B@A (B2⌘>>;(8I4)+
V3%<8=>A8C~BC + V4%�'%!BC + V5%⇢!!BC+

V6ADA0;_C>F= + V7DA10= + WC + nBC
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We consider school size because of how school size can serve as
a capacity and access constraint to course o�erings. California has
extremely varied school sizes; to account for potentially diminish-
ing returns to size we use school size as a quadratic term, seen in
the variable B@A (B2⌘>>;(8I4). There are three variables relating to
student demographics with %<8=>A8C~BC , referring to the percent-
age of students at a school s in year t that are neither white nor
Asian, %�'%! referring to students receiving free or reduced priced
lunch (as a proxy for socioeconomic status), and %⇢!! referring to
English Language Learners. These were included due to there being
evidence of disparities in CS access across these di�erent groups.

We also consider urbanicity represented in our model by urban
and rural_town. We chose suburban as the reference group as it
is the most represented in the dataset. Urbanicity is considered in
some of our models as schools in rural and urban areas have been
shown to o�er less CS than their suburban counterparts [16]. We
use year �xed e�ects (i.e., a dummy variable per year) to account for
changes all schools might experience each year, such as statewide
regulatory changes. School �xed e�ects are used to isolate changes
within schools. We cluster standard errors on schools, to account
for a lack of independence between observations of the same school
in multiple years.

Model 0 includes only student demographics and year �xed ef-
fects, and provides an initial estimate of how student demographics
within a school predict whether CS is o�ered and if CS teachers are
isolated or not. Model 0 does not include school factors or school
�xed e�ects. Model 1 additionally includes school size because
smaller schools may have less capacity to o�er additional courses.
Model 2 is Model 1 with the addition of school �xed e�ects. Model
3 adds urbanicity and removes school size and school �xed e�ects
because we only want to consider the e�ects of urbanicity without
considering other school factors to better understand the relation-
ship between our school factors. Finally, Model 4 uses all variables
from the previous models except for school �xed e�ects due to
concerns of collinearity between all of our school level factors.

5 LIMITATIONS
While our dataset covers a 14 year period and allows us to consider
time-varying school characteristics, there is still the possibility that
there are other factors unaccounted for relating to teacher isolation
and course o�erings. The fact that our dataset ends in 2018-2019
is because later years of data are not available. Additionally, data
from 2020 and 2021 would have been challenging to interpret due
to the e�ects of Covid-19. Our analysis also only considers access
to one or more CS courses, and not the participation or experience
within them. This is also data strictly fromCalifornia and the results,
with the exception of perhaps school size, cannot necessarily be
generalized, as many states approach CS course o�erings di�erently.
For example, some states have CS as a graduation requirement.

6 POSITIONALITY STATEMENT
The �rst author is a PhD student, who is half Latina and half Middle
Eastern. Both her parents are educators, in particular, her mother
is a science teacher at a public school and her mother actively par-
ticipates in and has provided professional development. Seeing the

impact her mother has had on other teachers and students has in-
�uenced the �rst author’s interest in supporting and documenting
teachers’ experiences. Growing up in an area where access to CS ed-
ucation is currently limited, also in�uenced the author’s particular
interest in identifying disparities in access to CS. The second author
is a professor who is a white womanwho participated in compulsory
CS education learning opportunities that were integrated within
her public school in California. This pre-college background was
essential in allowing her to pursue CS in higher education. In her
research, she has participated in several activities to support CS-
teacher collaboration and sees how such collaboration can bene�t
teachers and students.

Figure 1: Percentage of teachers isolated at their high school
in California. Subjects are listed in descending order based
on their rate of isolation in the most recent year.

Figure 2: Percentage of teachers isolated at their middle
school in California. Subjects are listed in descending or-
der based on their rate of isolation in the most recent year.

7 RESULTS
7.1 RQ1: Rates of Isolation
RQ1: Do high school and middle school CS teachers experi-
ence a higher rate of isolation compared to teachers of other
subjects?
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The percentage of isolated CS teachers has decreased over time.
The percentage of high school CS teachers isolated at their school,
shown in Figure 1, has decreased from 75% in 2004 to 52% in 2019.2
Figure 2 shows that while the proportion of middle school CS
teachers isolated at their school started to decrease in 2014, it has
plateaued at around 80%, which is higher than it was for high school
teachers in 2004.

As shown in Figures 1 and 2, we found that high school and
middle school CS teachers experience a higher rate of isolation
than teachers of most other subjects. Math and English teachers
in both high schools and middle schools experience isolation at a
drastically lower rate than CS teachers, with less than 5% isolated
at their school. high school Physics teachers experience a rate of
isolation similar to CS teachers. In 2019, approximately 50% of high
school CS and Physics teachers were isolated. In middle school,
General Sciences is the subset in science with the highest rates of
isolation but those teachers still experience isolation at less than
half the rate of CS teachers. Within the arts, Theatre and Dance
teachers experience higher rates of isolation than high school and
middle school CS teachers, and Visual Arts, Media Arts, and Music
teachers experience isolation at a lower rate. This is the �rst study
to capture these high rates of CS teacher isolation without the use
of self-reported surveys.

7.2 RQ2: Isolation, School and Student Factors
RQ2: Do school size, urbanicity, and student demographics
a�ect the likelihood that a CS teacher is isolated at their
school or that the school does not o�er CS?

Table 1 shows the relationships between our �ve models and our
three outcomes. To facilitate the explanation of the models, they
will be grouped in this result section by independent variables.

7.2.1 Percentage of students who are ELL or receive FRPL results
show disparities in access. Model 0 shows that schools with higher
representations of students who are ELLs (%ELL) and who receive
FRPL (%FRPL) are less likely to o�er CS. These results are fairly
consistent across all models. In models that control for school size
(i.e., Models 1, 2, and 4) our estimates shrink slightly. Model 4
shows that a 10 percentage point increase in representation of
ELLs or students receiving FRPL is associated with a 1.8 or 0.6
percentage point increase, respectively, in the likelihood of CS not
being o�ered.

In some of the models that predict an isolated or non-isolated
teacher, the coe�cient for %FRPL is not signi�cant. This may be in
part due to the e�ects of the Community Eligibility Provision [43].
Starting in 2010, this provision allows schools that already have 40%
of their students receiving free lunch [43] to classify all students
as eligible, making %FRPL an even coarser proxy to estimate how
many students come from low-income households [30].

7.2.2 Race/Ethnicity results show disparities in access when control-
ling for school size. In Model 0, we see that the representation of
students from minority groups is a positive predictor of CS being
o�ered. This is while controlling for the representation of ELLs and
students receiving FRPL. In Model 0, a 10 percentage point increase

2Although not the focus of our analysis, we also looked at isolation at a district level
and found that 30% of CS teachers were isolated in their district.

in the percentage of students from minority groups is associated
with a 1.1% increase in the likelihood that CS is o�ered. However,
once we control for school school size in the subsequent models (1,
2, 4), the sign is reversed. We see a positive relationship between
%minority and there being no CS o�ered at the school, and a nega-
tive relationship with there being one or more CS teachers. Based
on Model 4, which includes student demographics and school fac-
tors, a 10 percentage point increase in representation from students
from minority groups is associated with a 0.6 percentage point
increase in the likelihood of there being no CS o�ered at the school.

7.2.3 School size is a positive predictor for CS. Our Model 1 adds
school size. Changes betweenModel 0 andModel 1 show di�erences
in sign for %minority that are discussed above. Additionally, across
all models with school size (1, 2, 4), school size is a positive predictor
for a school o�ering CS, as well as having more than one CS teacher.
Model 4 shows that every increase of 100 students is associated
with a 2 percentage point decrease in there being no CS o�ered and
a 0.8 percentage point increase in there being more than one CS
teacher. This a�rms that larger schools are more likely to o�er CS,
however, it should be noted that the results signal a diminishing
return to additional enrollment.

7.2.4 Rural schools are less likely to o�er CS. Model 3 adds ur-
banicity through our rural_town and urban variables. The variable
rural_town shows a positive relationship with there being no CS
o�ered at a school and a negative relationship with there being
more than one CS teacher. This implies that schools in rural and
town areas are less likely to o�er CS than schools in suburban areas.
In particular, schools in rural and town areas have a 3.6 percentage
point increase in the likelihood there is no CS compared to schools
in suburban areas. When we compare Model 3 and 4, where Model
4 includes school size, we see the sign reversed for rural/town.
This can imply that among schools of similar sizes, rural and town
schools are more likely to o�er CS than urban schools.

8 DISCUSSION
The results from our �rst research question a�rm that CS teachers
are largely isolated at their school and experience isolation at higher
rates than teachers of most other subjects. 30% of CS teachers in
the last year of our dataset were also isolated in their district. These
results indicate capacity issues at a district level, and an access
and experience issue at a district and school level. Capacity can in
part be addressed through policy changes such as requiring every
school to o�er CS and then o�ering dedicated funding for such
initiatives. Additionally, while this does not fully address issues
caused by isolation, providing teachers with resources and support
may improve student experience.

Reducing teacher isolation through providing more avenues for
teacher social networks has been shown to improve work experi-
ence [7] and can lead to better student outcomes [2]. When hiring
new sta� is not possible, districts and states can attempt to compen-
sate for isolation at a school by providing professional development
and CS teacher communities. There is evidence that supports that
professional development positively impacts student performance
[2, 13], including when teachers are tasked with teaching a new
curriculum [19]. To provide professional development equitably,
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Table 1: Isolation, course o�ering, school and student factors

Independent variable Model 0 Model 1 Model 2 Model 3 Model 4

No CS O�ered

Percentage minority -0.0011***
(0.0003)

0.0008**
(0.0003)

0.0012.
(0.0006)

-0.0009**
(0.0003)

0.0006*
(0.0003)

Percentage receiving FRPL 0.0023***
(0.0003)

0.0004.
(0.0003)

-0.0005
(0.0003)

0.0021***
(0.0003)

0.0006*
(0.0002)

Percentage ELL 0.0026***
(0.0004)

0.0018***
(0.0004)

0.0019***
(0.0005)

0.0026***
(0.0004)

0.0018***
(0.0004)

School Size ___ -0.0204***
(0.0008)

-0.0142***
(0.0022) ___ -0.0212***

(0.0009)

School Size^2 ___ 0.0001
(0.0000)

0.0002.
(0.0001) ___ 0.0001*

(0.0000)

Urban ___ ___ ___ -0.0032
(0.0126)

-0.0007
(0.0010)

Rural/Town ___ ___ ___ 0.0363*
(0.0146)

-0.0497***
(0.0134)

Isolated CS Teacher

Percentage minority 0.0007**
(0.0002)

-0.0004.
(0.0002)

-0.0016**
(0.0006)

0.0006*
(0.0002)

-0.0002
(0.0002)

Percentage receiving FRPL -0.0016***
(0.0002)

-0.0005*
(0.0002)

-0.0000
(0.0003)

-0.0015***
(0.0002)

-0.0007**
(0.0002)

Percentage ELL -0.0016***
(0.0003)

-0.0012***
(0.0003)

-0.0009.
(0.0005)

-0.0016***
(0.0003)

-0.0012***
(0.0003)

School Size ___ 0.0124***
(0.0007)

0.0055**
(0.0018) ___ 0.0131***

(0.0007)

School Size^2 ___ -0.0001**
(0.0000)

-0.0001
(0.0001) ___ -0.0131***

(0.0007)

Urban ___ ___ ___ -0.0001
(0.0093)

-0.0002
(0.0085)

Rural/Town ___ ___ ___ -0.0124
(0.0120)

0.0413***
(0.0115)

2+ CS Teachers Percentage minority 0.0004**
(0.0001)

-0.0004**
(0.0001)

0.0004
(0.0004)

0.0003.
(0.0001)

-0.0004**
(0.0001)

Percentage receiving FRPL -0.0007***
(0.0001)

0.0000
(0.0001)

0.0005**
(0.0002)

-0.0006***
(0.0001)

0.0000
(0.0001)

Percentage ELL -0.0010***
(0.0002)

-0.0006***
(0.0002)

-0.0010***
(0.0003)

-0.0010***
(0.0002)

-0.0006***
(0.0002)

School Size ___ 0.0080***
(0.0005)

0.0086***
(0.0014) ___ 0.0081***

(0.0005)

School Size^2 ___ 0.0000
(0.0000)

-0.0001
(0.0001) ___ 0.0000

(0.0000)

Urban ___ ___ ___ 0.0033
(0.0063)

0.0099
(0.0056)

Rural/Town ___ ___ ___ -0.0240***
(0.0066)

0.0083
(0.0063)

Year FE X X X X X
School FE __ __ X __ __

Note. Standard errors clustered on schools in parentheses. FEs = Fixed e�ects. Adjusted R2 varied from 0.04-0.43. + p<.1, * p<.05, ** p<.01, *** p<.001

they can provide incentives for teachers to attend these. Such in-
centives or virtual options may be important for teachers far from
the meeting location.

School size is a positive predictor of there being one or more CS
teachers but is not frequently considered in analyses of this kind.
School size is an understandable capacity and access constraint that

can potentially be addressed by policy change. However, inequity
in CS access by race/ethnicity remains even after controlling for
urbanicity, students’ average socioeconomic status, and school size.
This indicates that di�erences in access cannot be fully explained by
factors such as the Small Schools Movement. This supports existing
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e�orts to address inequity by race/ethnicity and previous research
that has highlighted disparities by race/ethnicity.

9 CONCLUSION
Despite teacher isolation being reported as one of the biggest chal-
lenges for CS teachers in the US, the extent of CS teacher isolation
has not been documented beyond teachers’ self-report. Using data
from California, we determine how CS teacher isolation has varied
over time and how this variation compares to teachers in other
subjects. We use linear regression to determine what factors a�ect
the likelihood of CS being o�ered or there being an isolated CS
teacher. We �nd that CS teachers do experience a higher rate of
isolation when compared to other subjects. We also �nd that school
size is a positive predictor of the presence or quantity of CS teach-
ers. However, even when controlling for school size, schools with
higher representation of students from groups underrepresented in
computing are less likely to o�er CS at all. These �ndings suggest
that policymakers should support e�orts to reduce the impact of
teacher isolation, such as professional development. It also illus-
trates that more work is needed to provide students equitable access
to CS.
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