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Abstract

Online courses at the college level are growing in popularity, and nearly all community colleges offer
online courses (Allen & Seaman, 2015). What is the effect of the expanded availability of online
curricula on persistence in the field and towards a degree? We use a model of self-selection to
estimate the effect of taking an online course, using region and time variation in Internet service as a
source of identifying variation. Our method, as opposed to standard experimental methods, allows us
to consider the effect among students who actually choose to take such courses. For the average
person, taking an online course has a negative effect on the probability of taking another course in
the same field and on the probability of earning a degree. The negative effect on graduation for
students who choose to take an online course is stronger than the negative effect for the average
student. Community colleges must balance these results against the attractive features of online
courses, and institutions may want to consider actively targeting online courses toward those most
likely to do well in them.

JEL Codes: J24, 121



Introduction and Literature

More and more college education is being delivered through online courses. In 2012, nearly 7
million college students—about one-third of all students— took at least one online course, and the
number of students taking online courses has been growing at about 9% to 10% per year (Allen &
Seaman, 2013). Although the growth rate has fallen since 2011, it still exceeds the growth rate of the
college population (Allen & Seaman, 2015). Online courses will be an increasingly important mode of
delivering education at the postsecondary level. For some students, the ability to attend class
without traveling to campus, or without adhering to a particular schedule, offers an additional
convenience that makes a college education easier to pursue.

The growth in online course-taking has arisen as growing Internet connectivity and
technological sophistication made the provision of online courses a prudent financial move for
community colleges. Nearly all public community colleges now offer online courses (Allen & Seaman,
2015). Access to online courses in college has been expanding, and this expansion shifts the
curriculum-choice process and the learning experience of students in community colleges.

The rapid growth in online courses amounts to a sea change in the delivery of college
curriculum. Not surprisingly, a growing literature compares the effectiveness of online and face-to-
face courses in fostering students’ learning and engagement. Most research on the effect of online
courses is either descriptive or experimental (see, for example, Means et al. [2009] or Russell [2015]
for a partial literature review), rather than quasi-experimental. Descriptive approaches to estimating
the effect of online courses are clearly limited because selection into online courses is generally
nonrandom, raising the potential for selection bias.

Experimental studies of online courses typically compare outcomes (often on a shared exam)
between two variants of the same course: one online (or hybrid) and one face-to-face. These studies
often attempt to control for as many variables not related to delivery format as possible. Ideally both

courses are taught by the same instructors, with similar amounts of instructional and preparation



time as well as similar access to materials. To give two examples of experiments on introductory
microeconomics courses at selective 4-year colleges, Figlio, Rush, & Yin (2013) randomized students
to receive either online or face-to-face versions of the lecture, holding instructors, assignments,
exams, and support otherwise constant. They found that students in face-to-face instruction
modestly outperformed students in online instruction, and that differences were greater for Hispanic
students, males, and those with lower achievement. Joyce and colleagues (2014) randomized
students to a traditional course and a hybrid course with less in-person lecture time, holding
instructors, access to lecture slides, exams, and support otherwise constant. They found very small
differences between the delivery formats.

Experimental estimates, however, have some important limitations in this context. Because
of cost considerations, experiments usually are done with small groups of students and compare
specific online and offline versions of a particular course, rather than looking at the wider mix of
online courses that typically are offered. If the online or offline curricula chosen to be on the
treatment or control side of an experiment are atypical of most online or offline courses, as might be
the case if the online course is designed to differ only in delivery format for experimental
comparability, then the results lack external validity. Moreover, by eliminating all selection on the
part of the student, experiments cannot address the potentially vital question of how the
effectiveness of the course intersects with the probability that a student will actually take it. Reasons
for choosing online or offline courses include issues such as the ability to choose the timing of
learning, or a preference for interpersonal contact (Roblyer, 1999). These reasons may or may not
relate to the ability to learn well in those courses. Standard online/face-to-face course experiments
are extremely well-suited for answering the question “What will be the effect if a specific face-to-
face course is replaced with an online course?” but not as well-suited as quasi-experimental
approaches to answering the question “What will be the effect if students are given access to more
online curriculum options?” Both questions are important matters for policy as colleges update their

approaches to providing education.



In this paper, we use data from Washington State community colleges to estimate the effect
of taking an online course, rather than a face-to-face version of the same course, on the probability
of taking a follow-up course in the same field and on the probability of graduating with an associate’s
degree (AA) or bachelor’s degree (BA). We estimate the average treatment effect (the effect of
taking an online course for the average person) and the average treatment on the treated (the effect
of taking an online course for the average person who actually takes an online course) by using an
endogenous switching model in which students choose between online and offline courses. This
model allows for the student choice that is a part of a real-world online course-taking, while
addressing selection bias by using excluded variables that predict online course-taking but are not
expected to affect learning in the course.

This paper is not the first to use quasi-experimental methods to address the effectiveness of
online courses. Coates et al. (2004) examined the results of a standardized end-of-course exam for
students who took an online economics course versus those who took a face-to-face course at three
4-year universities. They used students’ stated commute times, knowing someone who took an
online course, and the use of supplemental Internet-provided material in a prior face-to-face course
as excluded variables to predict online course-taking in an endogenous switching model. They found
that students in the online course scored significantly lower than those in the face-to-face course,
but also found heterogeneity in the effect across students—those who selected into the online
course performed better than they would have in a face-to-face course.

Several papers focus on online courses in Washington State, the setting for our study. Xu &
Jaggars (2013) examined the effect of taking an online versus a face-to-face course on grades in the
course taken and the probability of taking a follow-up course in the same field. They used the same
Washington State community colleges that form the sample in this paper. The driving distance
between the student’s home and the college was used as an instrumental variable to correct for

selection bias, and they found that students in online courses earned a grade about one-third of a



point lower and were less likely to complete the course.! The difference was larger for certain groups
of students, including Black students, younger students, and those with lower grade point averages
(GPAs). Our study shares a sample with that of Xu & Jaggars (2013) but differs significantly in
subsample (we did not focus only on students planning to transfer to a 4-year college) as well as
through differences in identification and measured outcome variables, as discussed below. Krieg &
Henson (2015) also used Washington data, from a large Washington State 4-year university, to
examine the effect of taking an online course on grades in a follow-up course. Like Xu & Jaggars
(2013), they used the distance from a student’s home as an instrument in their achievement
analyses, and found that grades in a follow-up course are about one-twelfth of a point lower for
students who took online courses.

The three studies listed above find statistically significant (and, arguably, meaningfully large)
penalties to taking an online course relative to a face-to-face version of the same course. These
studies also share a methodological approach: each uses the distance a student must travel to
campus as an excluded variable. Living far away from campus imposes a clear travel cost on students
that may not apply to an online course, and the correlation between distance and taking an online
course is clearly large and significant in these data sets. There are reasons, however, to be skeptical
of the use of distance as an excluded variable in these analyses. One is the issue of selective
migration (see Heckman et al. [1996] for a discussion of this aspect in the context of estimating the
returns to education quality): students who plan to take face-to-face courses may choose a residence
that is closer to campus, and these students may also have differential levels of dedication to their
studies. Both Xu & Jaggars (2013) and Krieg & Henson (2015) performed falsification tests, regressing

grades in face-to-face courses on distance to campus, and found no significant relationship.’

! We were able to replicate these results using distance as an instrumental variable, although exact estimates do
not match because, although the data sets are the same, we did not limit our sample to students who intend to
transfer to a 4-year college and earn a bachelor’s degree. In our sample, we found marginally larger effects on
in-course grades and marginally smaller effects on course completion.

2 Coates et al. (2004) include knowing someone who took an online class and the use of supplemental Internet-
provided material as excluded variables as well. There is less of a literature on these variables, but it is possible
that these variables, in particular the use of supplementary materials, indicate a dedication to studies that could
relate directly to course performance.



However, this approach does not address the question of why a student who lives far away has
endogenously chosen to take the course at that community college, rather than another one or at a
fully online college. For students who live far away and still decide to take an online course at a
particular college, the counterfactual is poorly defined—the appropriate comparison may not be not
a face-to-face course at the same college, but rather something at a different college altogether, or
no course at all. This issue can bias estimates of the effect of being in an online course without it
necessarily being the case that distance to campus will predict grades in the sample directly. This
approach does not assert that results from papers using distance to campus are necessarily wrong,
but as no exogenous variable is ever perfect, it is worthwhile to consider other available sources of
identifying variation. If results are similar regardless of the excluded variable used, they lend support
to the use of either.

One contribution to the literature on this topic is our proposal of a different excluded
variable for use in estimating the effect of online courses. Students are more likely to choose online
courses when online access is cheaper and easier. We proxy this by using regional and longitudinal
variation in the number of residential high-speed Internet providers in the area where a student
lives. Controlling for region by the inclusion of correlated random effects for each course and college,
the number of Internet providers should not be related to student performance except via the choice
of an online or face-to-face course. We did find that the number of providers is unrelated to
performance in the course, conditional on being in an online or face-to-face course. We additionally
estimate our results using student’s distance from campus as an excluded variable for comparability
to prior literature.

The outcome variables we examine are, in contrast to the prior quasi-experimental literature,
related to persistence in the field and towards a degree after the completion of the course.
Persistence, especially towards a degree, is an issue of considerable importance for community
colleges, where completion rates are commonly low. We found a negative effect of -1.7percentage

points relating to taking an online course on the probability of earning a degree. We also found



evidence of a small amount of negative selection into online courses, contrary to Coates et al. (2004).
That is, the students who choose to take online courses are not the same students who get the most
from them. The average treatment on the treated is a statistically significant -2.0 percentage points
on the probability of graduating with a degree. Online courses also do not lead students to continue
studying in the same field. The average treatment effect of taking an online course on the probability
of taking a follow-up course in the same field is a statistically significant

-6.5 percentage points. There is evidence of some negative selection in this outcome as well, but the
difference between the average treatment effect and the average treatment on the treated is
insignificant and small.

In all, we find that expanding availability of online courses at community colleges likely leads
to lower persistence in a particular line of study or towards graduating with a degree. The effects on
taking a follow-up course and on graduation rates are significant and meaningful, and more so for
those who actually choose to take the courses. Any policy that considers making more online courses
available must take these possible deficits into account. Other issues also must be addressed, such as
the increased probability of dropping the course, as Xu & Jaggars (2014) found, or differences in
learning as measured by end-of-quarter exams or grades in follow-up courses. These negative
academic effects of online courses must also be weighed against the potential that current or future
online offerings may improve in quality beyond what is available now (Bowen, 2015), the possibility
of lower tuition via cost savings or increased competition (Deming et al., 2015), and the associated
possibility that these lowered costs and increased access allow additional students to take college

courses.

II. Model

Here we present a brief model of choice between an online and offline version of the same

college course at the same college. The implications of the model help to guide our empirical



approach and make sense of the results, especially as they relate to positive and negative selection
into online courses.

Assume that a student i’s utility of taking a course ¢ depends on: the future discounted
benefits accrued as a result of taking the course, Y;.; the cost of tuition and fees P;.; and the
expected consumption value of taking the course V.. Y;. depends on the amount of human capital
accumulated through the student’s learning in course ¢, which could operate through improved
learning or by making the student interested in continuing his or her education. The consumption
value of taking the course includes the enjoyment of taking the course itself as well as any
nonfinancial or indirect costs, such as mental strain. For simplicity we assume that a;;, a;», and a;3

are positive and that the terms of the indirect utility function are additive:’

u;(c) = ap Y + aipVie — aizPyc (1)

Courses O and F are online and face-to-face versions of the same course at the same college.

Student i prefers course O to F if

ui(co) = ui(cr) =
(2)

ai1Yio + ai2Vio — aizPio = a1 Yip + aipVip — 3P

This decision requires a comparison of the investment returns to taking the courses, the
consumption values of taking the courses, and the tuition and fee costs of taking the courses. As both
courses are at the same college and tuition costs within a college typically do not differ greatly by

online/face-to-face status, we assume that P;, = P;z.* This simplifies the above equation to

® The argument presented can be easily shown to hold if linearity is relaxed.

* The implications of the model as used in this paper are the same if this assumption is not made. Additionally, a
potential correlation between a;; and Y;, — Y; offers another way of explaining why students who learn most
effectively in online courses may not be the students who choose them.
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aiy(Yio = Yip) + aiz(Vip = Vip) 2 0 (3)

Y;o — Yir may vary among students because of differing learning styles that improve or
diminish learning in an online environment relative to a face-to-face environment. Similarly,

Vio — Vir may vary among students because of differing abilities to access a physical campus or a
computer with high-speed Internet, differing schedule flexibility owing to work demands, or different
preferences for learning environment.

We are interested in estimating some portion of Y;, — Y;r, the difference in student
outcomes associated with taking an online course over the face-to-face version. We are also
interested in the relationship between Y;, — Y;r and the above selection equation. Are the students
who choose online courses (those for whom u;(cy) = u;(cr)) also the students who get the most
out of them in the long term (have high values of Y;; — Y;¢)?

If ;1 > 0, ;2 = 0,and Y;p — Y;r is uncorrelated or positively correlated over students with
Vio — Vir, then on average students who learn best in online courses will be more likely to choose
online courses. Although these assumptions make intuitive sense, we know of no study that gives a
clear indication of what the correlation might be between Y;y — Y;r and Vo — Vjr. Instead, plausible
reasons exist to expect a negative correlation. This would be the case, for instance, if students who
highly value the convenience and experience of the online classroom format are more likely to be
students who would learn more effectively in a more structured face-to-face format.

In the case that the correlation between Y;y — Y;r and V;p — V;r is negative, the relationship
between how effective an online course is for a student and whether that student chooses an online
course depends on the weights that students assign to human capital investment and consumption
value. These weights are represented in the model by a;; and «a;,, respectively. If a;; is appreciably
bigger than a;, (relative to the scales of Y, — Y;r and V;y — V;r), meaning that student decisions
focus on human capital investment, then we would still expect the students who choose online

courses to be those who learn the most in them.



Prior research on the relative importance of human capital investment and consumption
value in other contexts of educational choice has found that consumption value factors heavily in
educational decisions (Alstadsater, 2011; Huntington-Klein, 2015; Wiswall & Zafar, 2015). If ;1 is
smaller than a;, and Y;p — Y;r and V;o — V;r are negatively correlated, then it is likely that students
who choose online courses will be on average those who get the least from them.

An analysis of online courses should be interested not just in the average value of Y;y — Vi,
but also how Y;o — Y;r varies with the propensity to choose an online course. The relationship could
plausibly be positive or negative on the basis of the correlation between Y;, — Y;r and the unknown
Vio — Vig. The sign of the relationship is an empirical question that has important implications for

policies that broaden access to online education.

lll. Estimation

Our empirical model of later student outcomes, conditional on that student’s taking an

online or face-to-face treatment course, is given by:

Pr(Yip = 1) = ®(Xi00) (4)
Pr(Yip = 1) = ®(XirBr) (5)
Pr(Online; = 1) = ®(X;Bs + Zi¥s) (6)
Online; = I(Online; = 0) (7)

where ®(+) is the cumulative distribution function of the standard normal distribution. Y;, is the
outcome of interest, either taking a follow-up course in the same department or graduating with an
associate’s or bachelor’s degree,” after student i takes an online (O) treatment course. Similarly, Y;z
is the outcome of interest observed after student i takes a face-to-face (F) treatment course. X;, and

X;r are vectors of student background, prior achievement variables, a constant, and course-by-

® We additionally attempted to estimate the effect of online courses on grades in a follow-up course, but this
required severely limiting the sample (to those who took a valid treatment course and also a valid follow-up
course in the same department), such that the excluded variable was no longer significant in the first stage.
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college correlated random effects for students who took online and face-to-face treatment courses,
respectively. The random effects are implemented using a heteroskedastic probit estimator as in
Wooldridge (2010), which allows for correlated random effects in a nonlinear context such as the
above probit models, avoiding the incidental parameters problem common with fixed effects in
nonlinear models.® The use of these random effects accounts for any course-specific effects or shared
shocks among students, but does not account for possible sorting of students across community
colleges on account of the online offerings. X; is a vector of the same variables as in X;o and X;r, but
it does not condition on whether the treatment course was online. A student’s latent propensity
Online; to choose between online (Online; = 1) and face-to-face (Online; = 0) treatment courses
is based on their observed data X; and excluded variables Z; which affect choice between online or
face-to-face courses but do not otherwise affect performance in a follow-up course.”

Issues of self-selection in the context of college education have long been explored in the
literature (e.g., Willis & Rosen, 1979). We follow Coates et al. (2004) in applying this model to the
study of online education. This approach allows student selection into online or face-to-face courses
to be a part of analysis, and allows student characteristics X; to have differing effects on outcomes,
depending on whether the treatment course was online or offline. Assuming that later performance
depends on the quality of experience and the learning done in the treatment course, this allows
learning styles, which may adjust more or less well to an online learning environment, to differ
among groups.

Parameters of the above model are consistently estimated by using a two-step estimator
(Heckman, 1979; Lee, 1978) which relies on the normality of error terms but does not rely on joint
normality as does the maximum likelihood estimator. We make an adjustment from the basic model
to allow for a second-stage probit regression. In the first stage, equation 6 is estimated using probit.

Then equations 4 and 5 are estimated as probit models with the following correction:

® Specifically, we use the estimator described in equation 6.6 of Wooldridge (2010). We replace the time
dummies in that specification with quintile dummies for class size, since in our context differences in class size
should explain differences in variance across classes.

" In the language of the model from the previous section, Z; enters into V;, — Vi but not Y;, — Y.

10



& (XiBs + Zi¥s)

Pr(Yijp = 1) = ®(X;jofo + — —
' ' O(X:Bs + Zi¥s)

S0)

—p(XiPs + Zi75)

Pr(Yir = 1) = ®(Xipfr + — —
' ' 1 - ®(X,Bs + Zi75)

6F)

9)

where ¢ (-) is the probability density function of the standard normal distribution. Using equations 8
and 9, we predict the probability of success in either taking a follow-up course or of graduating,
conditional on being in an online or offline course and student characteristics. The selection-
corrected average effect of switching someone from a face-to-face course to an online course (the
average treatment effect, or ATE) is the average difference between the predicted probability of
success conditional on taking an online class and conditional on taking a face-to-face class, corrected

for selection:

1 ~ 4 (10)
ATE = ——— Z [Pr(Y;o = 1|X;B0) — Pr(Yir = 1|X;B)]

N, + Np

No+Nf

Where N, is the number of online treatment courses taken and N is the number of face-to-face
treatment courses taken. Similarly, the Average Treatment on the Treated (ATT) is the average
difference in predicted probability of success, but only for students who took online treatment

courses, corrected for selection.

1 R ~
ATT = N_ONZO[PI.(YL'O = 1|Xi0B0) — Pr(Yir = 1|XioBp)]. -

Standard errors for both the ATE and ATT are calculated using 500 m-out-of-n bootstrap iterations. In

each iteration, we randomly select without replacement a subsample of size [n°], which is the

11



smallest integer greater than n°, from the original data of size n. The p-values are determined by the

proportion of the bootstrap estimates that are above or below zero.?

IV. Data

A. The Estimation Sample and Data

Student data are derived from the Washington State Board of Community & Technical
Colleges (SBCTC) as provided by the Washington State Education Research & Data Center (ERDC). We
used student transcript, background, and degree completion data on all students who took a course
at a public Washington State community college from fall 2008 to summer 2013, with data from 35
different community colleges. For students who attended high school in Washington State since
2001, we also have students’ cumulative high school GPA from Washington State P-210 data, which is
a database of high school enrollment information and was linked to the SBCTC data by ERDC.
Excluded variables Z; come from two sources, both of which use the ZIP code for the student’s
current address. In the primary analysis, Z; is the number of Internet providers in the student’s area,
as a proxy for Internet availability and price. We matched each student to the number of high-speed
residential Internet providers in their area in each quarter. Data on Internet providers come from the
Federal Communications Commission (FCC) website and count providers with at least one residential
customer in a given area with a speed of at least 200 kbps in one direction (Federal Communications
Commission, 2014).° In our alternate analysis for the purpose of comparison to the literature, Z; is

the distance between the ZIP code in which the student lives and the ZIP code of the school, as

® The choice of m = [n®] satisfies the properties that m — oo and m/n — 0 as n — oo, necessary to ensure that
the m-out-of-n parameter distribution is non-degenerate. This choice of m does not use data to adjust
subsample size for non-smoothness in the underlying distribution, as in adaptive m-setting procedures like
those proposed in Bickel & Sakov (2008) or Chakraborty, Laber, & Zhao (2013). However, since the
parameters of interest are means based on regression predictions, they are likely to have smooth underlying
distributions, so a simple relationship between m and n is used to avoid the computational difficulties of the
above adaptive rules.

° FCC data are reported at the census tract level and do not distinguish between 1, 2, and 3 providers. ZIP codes
were connected to census tracts by using a ZIP code/census tract crosswalk offered by the U.S. Department of
Housing and Urban Development (2014). When ZIP codes reside in two census tracts, the proportion of the
population in each tract is used to construct a weighted average. To allow for these averages, tracts with 1, 2, or
3 providers are assumed to have 2 providers. Results are robust to the use of 1 or 3 providers instead.

12



calculated as the straight-line distance in miles between the centroid of each ZIP code, as well as that
distance squared.” We discuss these excluded variables further in the next subsection.

Table 1 shows student information for both the full sample and the analytic sample used for
all results, which is limited to treatment courses. A treatment course is one that is available in both
online and face-to-face forms,*! so that students have the ability to choose between them. We define
a course as being a treatment course for a particular quarter if it has at least 20 students enrolled in
the online version of the course as well as at least 20 students enrolled in the face-to-face version of
the course.'> We found that 13.4% of courses are taken in treatment courses. Observations are at the
student/course level, so the averages can be read as being student averages weighted by the number
of courses taken. Included in the list of controls are gender, race, English skill, prior military service,
whether or not students hold a high school degree, and whether or not they are employed while in
school. “Economically disadvantaged” indicates that the student qualifies for need-based financial
aid. Cumulative high school GPA is reported for students who attended high school in Washington
since 2001; these students are less than one-half the sample.” About 35% of the sample earned an
AA or a BA during their time at the community college,™ with an additional smaller group earning
high school degrees or certificates at the community college. It should be kept in mind that not all
students enter community college with the goal of earning a degree. About 10% of all courses, and
28% of treatment courses, are taken online; on average, each student has five or six high-speed
Internet providers to choose from.

It is possible that students may choose online or face-to-face courses differently at different

stages in their college careers or given their academic aptitudes. As such, we include the cumulative

19 This variable uses the latitude and longitude of the centroid of each ZIP code. Distances between points are
calculated using the VICENTY package in Stata (Nichols, 2007), which accounts for the ellipsoidal shape of
the Earth. Results are nearly identical if we instead use driving time in minutes, as calculated using Google
Maps between 1:00 p.m. and 2:00 p.m. on Wednesday, June 17, 2015.

1 For both treatment and outcome classes, only online or face-to-face courses were allowed. Hybrid courses and
courses using non-online forms of distance learning were dropped.

12 The online and face-to-face versions are said to be the “same course” if they have the same course title and
number and are in the same department in the same quarter.

13 Results are robust to the sample being limited only to those who are not missing a high school GPA.

! These degrees are mainly associate’s degrees. Only .3% of these were bachelor’s degrees.
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number of credits and the cumulative GPA at the time the treatment course is taken as controls. On
average, a student entering a treatment course has taken 52 prior credits (most courses are 5 credits
each) and has a college GPA of about 2.5 up to that point.

There are some clear differences between the full and analytic samples. The analytic sample
is much younger and much more likely to have recently gone to a Washington state high school. The
analytic sample is also somewhat more White, more female, less likely to be working full time, and
more likely to have graduated high school. A higher proportion of courses are taken online in the
analytic sample. This is not particularly surprising, as most of the courses that are not treatment
courses are face-to-face only and not available online. Our results, then, are best representative of
younger local community college students who are more interested in taking online courses (among
students who take at least one treatment course, 20% of all courses are taken online). For our results
to be generalizable to the full sample of community college students, we must assume that, if the
excluded students were to take a treatment course, the factors which predict the choice of an online
versus face-to-face version of the course would be similar to those in the sample.

The analytic sample covers a wide range of courses and students. A total of 371,625 students
took at least one treatment course and are included in the sample. A total of 1,203,254 observations

are at the student/treatment course level, covering 9,781 course/quarters and 1,647 course titles.

B. Excluded Variables and Sample Restrictions

In the introduction, we outlined potential reasons to be skeptical about the use of distance-
to-campus as an excluded variable in analyzing the effect of online courses. Our preferred variable is
the number of high-speed Internet providers in a given ZIP code in a given quarter. We follow Vigdor,

Ladd, and Martinez (2010) in using these data as a proxy for Internet availability."> Our identification

1> We provide an alternate analysis using distance-to-campus as an excluded variable. This analysis facilitates a
more direct comparison to other studies. A similarity between results using both distance to campus and
number of Internet providers supports the use of either.
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strategy relies on the assumption that Internet access only affects student persistence through
exposure to online courses.

Vigdor & Ladd point out the possibility that additional Internet access may also make
students more or less effective in general. In the case of online courses, additional Internet access
may make research easier or, instead, provide a distraction. To account for this possibility, we
regressed grades in treatment courses on the standard list of control variables as well as directly on
the number of Internet providers, again using course-by-campus fixed effects for the linear
regression.

Beyond any direct effects of Internet access on student achievement, we also assume that
Internet availability affects students’ decisions about whether to take a course in online or face-to-
face formats and not whether to take a particular course at all. If Internet access encourages
students to “test out” college or departments outside their program through online courses, we may
estimate negative effects on graduation and follow-up course-taking that are driven by selection into
the treatment course. We therefore tested the viability of this assumption by estimating the first-
stage model using measures of college plans and treatment department credits taken before
students enrolled in the online course. If the availability of online courses affects selection into the
treatment courses, we should find that the Internet provider’s instrument predicts students’
propensity to complete college or their number of total in-department credits prior to taking the
treatment course. The first measure we used is a survey of degree completion intentions taken
during students’ first term enrolled.'® Students are asked about how long they plan to attend and
whether they plan to complete a degree. Our second measure is the number of credits students have
taken previously in the same department that offers the online course. Because this is a linear
analysis, course-by-campus fixed effects are used instead of correlated random effects. In each case,

these analyses are still at the student-treatment course level, to match the main analysis.

1)

'® The survey asks students about their planned length of attendance. The possible responses are “One quarter,’
“Two quarters,” “One year,” “Up to two years, no degree planned,” “Long enough to complete a degree,” and
“I don’t know.” We used a response of “Long enough to complete a degree” as the dependent variable.
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We present the results of these tests in Table 2. For both online and face-to-face courses, the
number of Internet providers fails to predict treatment course grades directly (p = 0.533 for online
courses and 0.804 for face-to-face). For the intention to pursue a degree (column 2) and for pre-
treatment departmental credits (column 3), we find that Internet providers do significantly predict
the number of credits taken in a given field before taking the treatment course. However, these
effects are extremely small and positive. An additional provider leads to an increase in probability of
intending to pursue a degree by only 0.2 percentage points, and an additional one-hundredth of a
credit taken in the lead-up to the treatment course. Because we estimate negative effects of online
courses on graduating with a degree and the probability of taking a follow-up course, the small
positive selection we estimate suggests that a direct relationship between the number of Internet

providers and our outcome variables explains our results.

V. Results

A. The Effect of Online Courses on Retention and Graduation

Table 3 presents the results of the first-stage selection model predicting whether a student
takes an online or face-to-face treatment course as well as the second-stage models predicting
whether that student takes another course in the same field, and whether the student graduates
with an associate’s or bachelor’s degree. In all cases, probit coefficients are presented, and the
number of Internet providers is used as an excluded variable, although results are very similar if
distance is used instead. See Appendix A for results using distance as an excluded variable.

The first results we consider are the selection equations, in Table 3 columns 1 and 4, which
describe which students are more likely to choose an online course, given that they have chosen to
take a course available in both online and offline formats. We found that women are more likely to
choose online courses, as are older students (the marginal effect of age becomes negative in the late
40s, above the average age of a student). Students with limited English proficiency are less likely to

choose online courses, but the full-time employed are more likely to do so, consistent with groups
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we might expect to receive a particularly small or large amount of consumption value from an online
course. Indicators of academic aptitude (high school graduation, grades in high school, and grades in
college) are all positive predictors of taking an online course. First-stage results using distance as an
instrument are not shown, but results are very similar. Both the number-of-providers and distance
variables are highly statistically significant; the number of providers is significant with a Chi-squared
value of 213, and the distance variables (shown in Appendix A) are jointly significant with a Chi-
squared value of 1,028. Many groups are more likely to take a follow-up course having taken a face-
to-face course than having taken an online course, although these comparisons are somewhat rough,
as the scale of the two probit models may not match (Allison, 1999). The full-time employed,
veterans, and those with higher academic aptitude (as measured by high school graduation, high
school grades, or college grades) are more likely, relative to their peers, of taking a follow-up course
having taken a face-to-face course than an online course. Exceptions to this are Black students and
those with limited English proficiency; these students do relatively better in online courses.

Many groups, such as older students, women, Whites, the English-proficient, the full-time
employed, those with higher levels of academic aptitude, and, interestingly, the economically
disadvantaged, are more likely than others to obtain an associate’s or bachelor’s degree during their
time in Washington State community colleges. Some of these groups tend to be more likely, relative
to their peers, to earn the degree having taken an online course rather than a face-to-face course. In
particular, the penalty for being Black, Hispanic, a veteran, or having limited English proficiency is
smaller having taken an online course than a face-to-face course. On the other hand, women, the
full-time employed, older students, and more academically able students compare more favorably to
their peers having taken a face-to-face course compared to an online course.

Average treatment effects (ATEs) and average treatment on the treated (ATT), as calculated
using equations 10 and 11, are presented in Table 4. These are changes in the probability of taking a
follow-up course or graduating with an associate’s or bachelor’s degree, respectively. Students taking

online courses are about 6.5 percentage points less likely to take a follow-up course in the same
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department, indicating a lack of engagement or affiliation with the field as a result of taking the
online course. There is slight negative selection on observables, with the ATT more negative than the
ATE by .1 percentage points, but this difference is not significant.

The effect of online courses on graduation follows a similar pattern; that is, there appears to
be negative selection on observables into online courses. The ATE of taking an online course is a -1.7
percentage point difference in the probability of graduating with a degree, and the ATT is -2.0. This
difference of .3 percentage points is statistically significant at the 1% level and could be considered
meaningfully large in the context of a graduation rate. The type of student who chooses to take an
online course is not the same type of student who is likely to be guided towards graduation by an
online course.

Treatment effect estimates for the probability of taking a follow-up course and of graduating
with a degree are similar if distance is used as an excluded variable (see Appendix A). However, the
degree and direction of selection changes, with ATEs about .1 percentage points more negative than
ATT. These differences are significant only at the 10% level for taking a follow-up course and are not
significant for graduation. A finding of positive selection when using distance as an excluded variable
mimics the results of Coates et al. (2004). The direction of the selection effect is sensitive to the
choice of excluded variable.

The strong negative effect of online courses on taking a follow-up course in the same field
leads to the question of whether there are differences in the in-field ability of students who
continue, depending on whether they took an online or face-to-face course. Are online students less
likely to continue because these courses make it easy for a student to see they have low skill in the
field, so the students who do take follow-up courses are likely to be stronger if they came from an
online course? This does not appear to be the case. Figure 1 shows the distribution of grades in the
treatment course among those who take a follow-up course in the same field and those who do not,
and also between those whose treatment course was online and those whose treatment course was

offline. While the distributions are statistically different between those who took online or face-to-
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face treatment courses (the means differ by about .1 grade points for those who took a follow-up
course and .01 for those who did not, and a Kolmogorov-Smirnov test rejects equality of distribution
in both cases), the distribution of treatment course grades among those who took a follow-up course
and those who did not is qualitatively similar for those who took online or face-to-face treatment

courses.

B. The Effects of Online Courses by Course Type

A question of interest is not just whether online courses in general lead to positive outcomes
for students, but which kinds of courses lead to which kinds of outcomes. The policy question of how
and when to expand online offerings does not just depend on whether to do so or not, or (as implied
by the previous section) how best to target the courses such that the students taking them are those
who get the most out of them. In addition, colleges have the opportunity to expand access in
particular fields which seem to have the most success in encouraging positive outcomes.

In this section, we repeat the analysis from the previous section while limiting the sample, in
turn, to the five most popular department types'’ among treatment courses: English (221,049
treatment course enrollments, 21.5% of which are online), mathematics (207,356, 18.9%),
Psychology (112,384, 26.7%), Sociology (52,715, 27.8%), and Communications (41,345, 30.8%). We
present the results for all five top department types, although the English results are identified only
on the basis of the nonlinearity in the model: the first stage chi-squared test statistic for the number
of Internet providers is only 0.38 in English. In the other fields, the number of Internet providers is
about as strong a predictor as it is in the full sample, with smaller sample sizes leading to chi-squared
values of about 16 (psychology and sociology) to about 40 (mathematics and communications).

Table 5 shows ATEs and ATT estimates by department type. The effect of online courses on
taking follow-up courses in the same field varies widely by field. In all cases, the effect is less negative

than for the full sample, suggesting that much of the negative effect is concentrated among smaller

" We use the term “department type” rather than “department” because the formal names of these departments
vary among different colleges.
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departments. The degree of selection on observables differs here compared to the full sample as
well. Negative selection is strongest in sociology and psychology. There is evidence of positive
selection in mathematics and the dubious English estimate. Among the top five department types,
the effect on taking a follow-up course is strongest in mathematics and weakest in sociology; the ATT
is slightly positive in sociology.

The effects on graduation do not vary as widely by department type as the effects on follow-
up courses do. However, differences of even a few percentage points in graduation probability are
meaningfully large. In each department, the main model result of a negative effect of about -2
percentage points holds, and the negative selection on observables holds, although it is not always
significant, except in psychology and the untrustworthy English estimates. Online courses seem to do
the best in mathematics, with an ATE of -1.4 percentage points and an ATT of -1.8, the least negative
among the department types with strong first stages. Communications is on the other end of the
scale, with an ATE of -3.0 and an ATT of -3.7. Communications also exhibits the strongest negative

selection on observables.

VI. Conclusion

Using regional and longitudinal variation in the number of high-speed Internet providers as a
novel source of identifying variation, we estimate the effects of online courses, as compared to face-
to-face courses, at Washington State community colleges. With the exception of the degree and
direction of selection on observables, which is sensitive to the choice of excluded variable, results are
robust to the use of distance to campus—as is common in the literature—or the number of high-
speed Internet providers. This result both suggests a novel source of variation and addresses some
potential concerns about the use of distance as an excluded variable in this context.

We found discouraging results on the effectiveness of online courses. The average student is
less likely to continue in the field or earn a degree if he or she takes an online course rather than a

comparable face-to-face course. Students who actually choose to take online courses also fare worse
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in them than would the average student. In short, some students see online courses as a preferable
learning opportunity, perhaps because online courses do not require as many campus visits or offer a
flexible schedule. However, this choice is not likely to keep the student in the field or on track to a
degree.

These results have important implications for the study of online courses and policy
surrounding their implementation. The study of online courses cannot ignore the issue of selection in
a real-world context. While we find evidence of only a small amount of negative selection,
experimental studies of single courses with random assignment may not accurately represent the
effect of making online courses more available. Whether this selection is negative (as in our
preferred specification in this paper) or positive (as in Coates et al., 2004), standard experimental
studies in which students are randomized into online or face-to-face versions of the same course are
likely to miss something. The fact that our results differ from Coates and colleagues’ results suggests
that the degree and direction of selection may not be consistent across settings and is likely sensitive
to the choice of excluded variable(s). We suggest that future experimental research should attempt
to identify whether particular subsets of students are best served by the experimental course on
offer and also whether those same students tend to be the ones who would choose the course in a
non-experimental scenario, as indicated by behavior in a non-experimental setting, or stated
preference surveys before the experiment takes place. An ideal experiment would be able to
randomize students into colleges with higher or lower levels of online offerings. However, this ideal
experiment is likely not possible.

Community college policy concerning online courses must take into account the potential for
significant losses in educational outcomes. In the setting described in the paper, the students who
actually chose to take online courses saw worse learning outcomes and were less likely to persist in
the field or to graduation than if they had selected the face-to-face version of the same course. Other
quasi-experimental literature also finds negative effects on test scores, follow-up grades, and the

probability of completing the course (Coates et al., 2004; Krieg & Henson, 2015; Xu & Jaggars, 2013).
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While the negative effect sizes we found are not enormous, a 2 percentage-point change in the
probability of graduation as a result of taking a single course is meaningfully large and should be
considered when setting policy. These deficits must be weighed against the possibility for cost and
tuition cutting, or the possibility that some new students will take online courses who would not ever
have taken a face-to-face course. In general, however, it seems that online courses, as currently
implemented, are not improvements on the standard face-to-face curriculum. Online courses do not
improve student learning or engagement with the field or college enough to convince students to
continue in the field or towards graduation.

Importantly, our results apply to general policies towards online courses, rather than to any
particular course. Online course offerings are ever-evolving and highly diverse, and the effectiveness
of any particular course will depend on the curriculum, the teacher, and the audience. In this paper,
we examine a wide swath of courses all at once. The effect we estimate is a generalized result of
increasing the online offerings at a particular college. We do not offer evidence that online courses
cannot be the same or better than face-to-face courses; rather it seems that online courses do not
appear to be better in their current implementation and with the current available curricula. The
negative results found suggest likely problems with increasing the selection of online offerings. This is
of particular concern because so many colleges are taking the approach of expanding their online
offerings. Community colleges should be extremely careful moving into a more heavily online

curriculum, or they will risk diminishing their capacity to deliver a quality education.

22



References

Allen, I. E., & Seaman, J. (2013). Changing course: Ten years of tracking online education in the United
States. Babson Park, MA: Babson Survey Research Group and Quahog Research Group.

Allen, I. E., & Seaman, J. (2014). Grade change: Tracking online education in the United States. Babson
Park, MA: Babson Survey Research Group and Quahog Research Group.

Allison, P. D. (1999). Comparing logit and probit coefficients across groups. Sociological Methods &
Research, 28(2), 186—208.

Alstadsaeter, A. (2011). Measuring the consumption value of higher education. CESifo Economic
Studies, 57(3), 458.

Bickel, P. J., & Sakov, A. (2008). On the choice of m in the m out of n bootstrap and confidence
bounds for extrema. Statistica Sinica, 18, 967—985.

Bowen, W. G. (2015). Higher education in the digital age. Princeton, NJ: Princeton University Press.

Chakraborty, B., Laber, E. B., & Zhao, Y. (2013). Inference for optimal dynamic treatment regimes
using an adaptive m-out-of-n bootstrap scheme. Biometrics, 69 (September), 714-723.

Coates, D., Humphreys, B. R., Kane, J., & Vachris, M. A. (2004). “No significant distance” between
face-to-face and online instruction: Evidence from principles of economics. Economics of
Education Review, 23(5), 533-546.

Deming, D. J., Goldin, C., Katz, L. F., & Yuchtman, N. (2015). Can online learning bend the higher
education cost curve? American Economic Review, 105(5), 496-501. doi: 10.3382/w20890.

Federal Communications Commission. (2014). Local telephone competition and broadband
deployment. Retrieved from http://transition.fcc.gov/wcb/iatd/comp.html.

Figlio, D., Rush, M., & Yin, L. (2013). Is it live or is it Internet? Experimental estimates of the effects of
online instruction on student learning. Journal of Labor Economics, 31(4), 763—784.
doi:10.1086/669930.

Heckman, J., Layne-Farrar, A., & Todd, P. (1996). Human capital pricing equations with an application
to estimating the effect of schooling quality on earnings. Review of Economics and Statistics,
78(4), 562-610.

Heckman, J. J. (1979). Sample selection bias as a specification error. Econometrica, 47(1), 153-161.

Huntington-Klein, N. (2015). Consumption value and the demand for college education. Manuscript
submitted for publication.

Joyce, T. 1., Jaeger, D. A,, Crockett, S., Altindag, O., & O’Connell, S. D. (2014). Does classroom time
matter? A randomized field experiment of hybrid and traditional lecture formats in economics.
National Bureau of Economic Research Working Paper 20006. Retrieved from
http://www.nber.org/papers/w20006. doi: 10.3386/w20006.

23



Krieg, J. M., & Henson, S. E. (2015, April 15). The educational impact of online learning: How do
university students perform in subsequent courses? Presented at Academic Coordinating
Commission, Western Washington University, Bellingham, WA.

Lee, L.-F. (1978). Unionism and wage rates: A simultaneous equations model with qualitative and
limited dependent variables. International Economic Review, 19(2), 415-433.

Means, B., Toyama, Y., Murphy, R., Bakia, M., & Jones, K. (2009). Evaluation of evidence-based
practices in online learning: A meta-analysis and review of online learning studies. Washington,
DC: U.S. Department of Education, Office of Planning, Evaluation, and Policy Development,
Policy and Program Studies Service. Retrieved from
www.ed.gov/about/offices/list/opepd/ppss/reports/html.

Nichols, A. (2007). VINCENTY: Stata module to calculate distances on the Earth’s surface. IDEAS.
Retrieved from https://ideas.repec.org/c/boc/bocode/s456815.html.

Roblyer, M. D. (1999). Is choice important in distance learning? A study of student motives for taking
Internet-based courses at the high school and community college level. Journal of Research on
Computing in Education, 32(1), 157-171.

Russell, T. (2015). No significant difference. Retrieved from http://www.nosignificantdifference.org.

U.S. Department of Housing and Urban Development. (2014). HUD USPS ZIP code crosswalk files.
Retrieved from http://www.huduser.org/portal/datasets/usps_crosswalk.html.

Vigdor, J. L., Ladd, H. F., & Martinez, E. (2014). Scaling the digital divide: Home computer technology
and student achievement. Economic Inquiry, 52(3), 1103—-1119.

Willis, R. J., & Rosen, S. (1979). Education and self-selection. Journal of Political Economy, 87(5), 7-36.

Wiswall, M., & Zafar, B. (2015). Determinants of college major choice: Identification using an
information experiment. Review of Economic Studies, 82(2), 791-824.

Wooldridge, J. M. (2010). Correlated random effects models with unbalanced panels. Retrieved from
http://econ.msu.edu/faculty/wooldridge/docs/crel_ra.pdf.

Xu, D., & Jaggars, S. S. (2013). The impact of online learning on students’ course outcomes: evidence
from a large community and technical college system. Economics of Education Review, 37, 149—
162.

Xu, D., & Jaggars, S. S. (2014). Online and hybrid course enrollment and performance in Washington
State community and technical colleges (No. 31). New York, NY: Community College Research
Center. Retrieved from http://ccrc.tc.columbia.edu/publications/online-hybrid-courses-
washington.html.

24


https://ideas.repec.org/c/boc/bocode/s456815.html

Tables

Table 1. Sample Means

Variable Analytic Sample Full Sample
Student Background
Female 577 .560
White .669 .632
Black .062 .070
Asian .108 102
Hispanic .094 .109
American Native/Pacific .029 .029
Islander
Other Race .026 .028
Economically Disadvantaged 454 392
Limited English 166 191
Military Veteran .088 114
High School Graduate 767 .694
Employed Full-Time 164 206
High School GPA 2.862 2.874
Missing High School GPA .559 767
Age (youngest observed) 22.950 27.384
Completion and Beyond
Earned AA or BA 355 351
Earned High School Degree .041 .048
at Community College
Earned Certificate 114 181
Internet Availability
Number of Residential High- 5.092 5.076
Speed Internet Providers
Distance From College 13.011 14.678
(miles)
Proportion of Courses Taken 278 .108
Online
Cumulative GPA at Time of 2.514
Treatment Course
Cumulative Credits at Time 51.662
of Treatment Course
N (courses taken) 1,203,254 8,944,954

Notes: GPA, grade point average; AA, associate’s degree; BA, bachelor’s degree.
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Table 2. Instrument Exogeneity Checks

Credits in Department at

Grade in Treatment Course Plan To Get Degree Time of Treatment
(1) (2) (3)
Age 0.021%** 0.010%** -0.015%**
(0.0007) (0.001) (0.001)
Age? -0.0002%** -0.0002%** 0.0002***
(<.0001) (<.0001) (<.0001)
Female 0.066*** 0.029%** 0.099%**
(0.002) (0.002) (0.004)
Asian 0.027*** 0.037*** 0.081%**
(0.004) (0.004) (0.007)
Black -0.205%** 0.125%** 0.140%**
(0.005) (0.007) (0.009)
American Native/ -0.096%** 0.089*** 0.069***
Pacific Islander (0.00583) (0.007) (0.012)
Hispanic -0.084*** 0.137*** 0.068***
(0.004) (0.008) (0.008)
Other Race 0.011* 0.062*** 0.143%**
(0.006) (0.007) (0.012)
White 0.001 0.149%** 0.009
(0.003) (0.007) (0.006)
Economically -0.022%** 0.221%** 0.27 1%
Disadvantaged (0.002) (0.010) (0.004)
Limited English 0.003 0.1171%** 0.602%**
(0.003) (0.006) (0.006)
Veteran -0.060*** 0.149*** 0.121%*
(0.004) (0.008) (0.007)
Full-Time Employed 0.037*** 0.270%** 0.062%**
(0.003) (0.013) (0.005)
High School Graduate -0.008*** 0.147*** 0.124%**
(0.002) (0.007) (0.005)
High School GPA 0.292%** -0.075%** -0.232%**
(0.002) (0.004) (0.004)
Missing HSGPA 0.980%** -0.188*** -0.780***
(0.007) (0.011) (0.013)
Cumulative Credits 0.0004***
(at Treatment) (<.0001)
Cumulative GPA 0.324***
(at Treatment) (0.001)
College/Course Correlated
Rand%m Effects ves Yes Yes
Number of -0.0002 0.004*** 0.0108***
Internet Providers (0.0003) (0.0003) (0.000548)
N 1,024,447 1,416,094 1,416,094

Notes: GPA, grade point average; HSGPA, high school GPA. Results for models 1 and 3 are Ordinary Least Squares
coefficients; results for model 2 are probit coefficients. Standard errors are in parentheses. */** /*** indicates
statistical significance at the 10%/5%/1% level, respectively. Observations in models 1 and 3 are at the

person/treatment course level; courses without numbered grades are dropped from model 1. Observations in model 2

are at the person level.
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Table 3. Predictors of Online Course-Taking, Retention, and Graduation

Taking a Follow-Up Course

Earning an Associate’s (AA) or
Bachelor’s (BA) Degree

Takes Earns
Follow-Up Takes Degree Earns
Selection (Took Follow-Up Selection (Took Degree
Into Online Face-to- (Took Into Online Face-to- (Took
Treatment Face) Online) Treatment Face) Online)
Variable (1) (2) (3) (4) (5) (6)
Age 0.074%** 0.003*** -0.002 0.074*** 0.117%** 0.059%**
(0.002) (0.001) (0.002) (0.002) (0.005) (0.005)
Age? -0.001*** -0.000*** 0.000 -0.0071*** -0.002%** -0.001***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Female 0.272%** 0.033*** 0.040*** 0.272%** 0.519%** 0.276%**
(0.009) (0.006) (0.011) (0.009) (0.019) (0.018)
Asian -0.001 -0.000 -0.010** -0.001 -0.114*** -0.108***
(0.005) (0.001) (0.004) (0.005) (0.006) (0.010)
Black -0.076*** -0.006*** -0.010* -0.076*** -0.379*** -0.279***
(0.007) (0.002) (0.005) (0.007) (0.014) (0.015)
American Native/ 0.017** -0.005** 0.001 0.017** -0.097*** -0.127***
Pacific Islander (0.008) (0.002) (0.006) (0.008) (0.009) (0.015)
Hispanic -0.025%** -0.004*** -0.023%** -0.025%** -0.203%** -0.136%**
(0.006) (0.001) (0.007) (0.006) (0.009) (0.012)
Other Race -0.000 -0.000 -0.002 -0.000 -0.108%*** -0.049%**
(0.008) (0.002) (0.006) (0.008) (0.009) (0.015)
White 0.159%** 0.005** -0.013** 0.159%** 0.202%** 0.128%**
(0.006) (0.002) (0.006) (0.006) (0.010) (0.012)
Economically 0.0427%** 0.017%** 0.039%** 0.042%** 0.140%** 0.104***
Disadvantaged (0.003) (0.003) (0.009) (0.003) (0.006) (0.007)
Limited English -0.274%** -0.004 0.029%** -0.274%** -0.486%** -0.276%**
(0.009) (0.003) (0.010) (0.009) (0.019) (0.019)
Veteran -0.064*** 0.004*** -0.001 -0.064*** -0.069%** -0.019**
(0.005) (0.001) (0.004) (0.005) (0.006) (0.010)
Full-Time Employed 0.378*** 0.027%** 0.017* 0.378*** 0.597%** 0.324%**
(0.012) (0.006) (0.009) (0.012) (0.023) (0.023)
High School Graduate 0.086™** 0.015%** 0.009** 0.086™*** 0.190*** 0.127%**
(0.004) (0.003) (0.004) (0.004) (0.008) (0.009)
High School GPA 0.036™** -0.005%** -0.036%** 0.036™** 0.392%** 0.324%+*
(0.003) (0.001) (0.008) (0.003) (0.013) (0.012)
Missing HSGPA 0.159%** -0.012%** -0.115%** 0.159%*** 1.176%** 0.961%**
(0.011) (0.003) (0.026) (0.011) (0.038) (0.037)
Cumulative Credits 0.003%** 0.000%*** 0.000%** 0.003*** 0.017%** 0.010%**
(at Treatment) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Cumulative GPA 0.062%** 0.002** -0.032%** 0.062%** 0.498*** 0.549%+*
(at Treatment) (0.002) (0.001) (0.007) (0.002) (0.016) (0.018)
College/Course
Correlated Random Yes Yes Yes Yes Yes Yes
Effects
Number of 0.006*** 0.006***
Internet Providers (0.000) (0.000)
N 1,203,048 846,485 356,563 1,203,048 846,485 356,563

Notes: GPA, grade point average; HSGPA, high school GPA. All results presented are probit coefficients. Standard

errors are in parentheses. */**/*** indicates statistical significance at the 10%/5%/1% level, respectively.
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Table 4. Average Effects of Online Courses on Retention and Graduation

Average Treatment Average Treatment Difference
Effect on the Treated
Taking a Follow- -.065*** -.065*** .001
Up Course (.002) (.002) (.001)
Earning an AA/BA -01 7 -.020%*** .003***
Degree (.002) (.002) (.001)

Results presented are marginal effects. Standard errors are in parentheses. */**/*** indicates statistical significance
at the 10%/5%/1% level, respectively.
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Table 5. Average Effects of Online Courses on Retention and Graduation by Treatment
Course Type

Average Average Difference
Treatment Effect  Treatment on the
Treated
English
Taking a Follow-Up Course -.014** -.007* -.007***
(.005) (.004) (.002)
Earning an AA/BA Degree 023 -.014*>* -.009**
(.004) (.005) (.005)
Mathematics
Taking a Follow-Up Course -.043%*x* -.040%** -.003*
(.004) (.004) (.002)
Earning an AA/BA Degree 014 -.018*** .005**
(.004) (.004) (.003)
Psychology
Taking a Follow-Up Course -1 2%** - 018%** .006™*
(.003) (.005) (.004)
Earning an AA/BA Degree -.020%** -026™** .006*
(.005) (.006) (.004)
Sociology
Taking a Follow-Up Course 012%* .007 .006**
(.007) (.006) (.004)
Earning an AA/BA Degree -.020*** -027 % .000
(.007) (.007) (.005)
Communications
Taking a Follow-Up Course -018** -.019%** .001
(.008) (.007) (.005)
Earning an AA/BA Degree -.030*** -.037* .007
(.008) (.010) (.006)

Results presented are marginal effects. Standard errors are in parentheses. */**/*** indicates
statistical significance at the 10%/5%/1% level, respectively.
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Figures

Figure 1. Grade Distribution in Treatment Courses by Online/Face-to-Face and Whether
the Student Took a Follow-up Course
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Appendix A: Main Model Results, Using Distance as an Excluded
Variable

Table Al. Predictors of Online Course-Taking, Retention, and Graduation, With Distance
as Excluded Variable

Taking a Follow-Up Course Earning an Associate’s (AA) or
Bachelor’s (BA) Degree
Takes Earns
Follow-Up Takes Degree Earns
Selection (Took Follow-Up Selection (Took Degree
Into Online Face-to- (Took Into Online Face-to- (Took
Treatment Face) Online) Treatment Face) Online)
Variable (1D (2) (3) 4) (5) (6)
Age 0.074%** -0.002* -0.001 0.074%** -0.015%** -0.012%**
(0.002) (0.001) (0.001) (0.002) (0.002) (0.002)
Age Squared -0.001%** 0.000 0.000 -0.0071*** 0.000*** 0.000%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Female 0.273%** 0.028** 0.037*** 0.273%** -0.027*** -0.041***
(0.008) (0.013) (0.009) (0.008) (0.006) (0.009)
Asian -0.003 -0.004 -0.010** -0.003 -0.135%** -0.119***
(0.005) (0.003) (0.004) (0.005) (0.007) (0.010)
Black -0.082%** -0.003 -0.012** -0.082%** -0.262%** -0.212%**
(0.007) (0.003) (0.005) (0.007) (0.011) (0.013)
American Native/ -0.004 -0.015* -0.000 -0.004 -0.144*** -0.157%**
Pacific Islander (0.008) (0.008) (0.006) (0.008) (0.010) (0.015)
Hispanic -0.033%*** -0.011* -0.023%** -0.033%** -0.188%*** -0.126%**
(0.006) (0.006) (0.007) (0.006) (0.008) (0.012)
Other Race -0.011 -0.002 -0.002 -0.011 -0.114%** -0.045%**
(0.008) (0.004) (0.006) (0.008) (0.010) (0.015)
White 0.144%** -0.018** -0.014%** 0.144%** -0.126%** -0.056***
(0.006) (0.008) (0.004) (0.006) (0.006) (0.009)
Economically 0.044%** 0.032** 0.040%** 0.044%** 0.062%** 0.052%**
Disadvantaged (0.003) (0.015) (0.009) (0.003) (0.004) (0.006)
Limited English -0.272%** 0.039** 0.032%** -0.272%** 0.074*** 0.036%**
(0.009) (0.018) (0.008) (0.009) (0.007) (0.010)
Veteran -0.076%** 0.024** 0.002 -0.076*** 0.065*** 0.057***
(0.005) (0.011) (0.004) (0.005) (0.006) (0.009)
Full-Time Employed 0.373%** 0.002 0.017%** 0.373%** -0.1071%** -0.075%**
(0.011) (0.003) (0.006) (0.011) (0.008) (0.011)
High School Graduate 0.0727%** 0.021** 0.010%** 0.072%** 0.023%** 0.0371%**
(0.004) (0.010) (0.004) (0.004) (0.004) (0.007)
High School GPA 0.03717%** -0.013** -0.034*** 0.0371%*** 0.374*** 0.3277%**
(0.003) (0.006) (0.008) (0.003) (0.011) (0.012)
Missing HSGPA 0.147*** -0.069** -0.123%** 0.147%** 0.905%** 0.826%**
(0.011) (0.031) (0.028) (0.011) (0.029) (0.032)
Cumulative Credits 0.003*** 0.000** 0.000%** 0.003*** 0.007*** 0.007***
(at Treatment) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Cumulative GPA 0.064*** -0.010** -0.036%** 0.064*** 0.404*** 0.497%**
(at Treatment) (0.002) (0.004) (0.008) (0.002) (0.012) (0.015)
College/Course
Correlated Random Yes Yes Yes Yes Yes Yes
Effects
Distance to Campus 0.008*** 0.008***
(0.000) (0.000)
Distance to Campus -0.000*** -0.000***
Squared (0.000) (0.000)
N 1,304,830 920,122 384,708 1,304,830 920,122 384,708

Notes: GPA, grade point average; HSGPA, high school GPA. All results presented are probit coefficients. Standard
errors are in parentheses. */**/*** indicates statistical significance at the 10%/5%/1% level, respectively.
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Table A2. Average Effects of Online Courses on Retention and Graduation, With Distance
as Excluded Variable

Average Treatment Average Treatment Difference
Effect on the Treated
Taking a Follow- -.064*** -.065%** .001
Up Course (.002) (.002) (.001)
Earning an AA/BA - 015 -.014* -.001
Degree (.002) (.002) (.001)

Results presented are marginal effects. Standard errors in parentheses. */**/*** indicates statistical significance at the
10%/5%/1% level, respectively.
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