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Abstract

Although online learning is rapidly expanding in the community college setting, there is 

little evidence regarding its effectiveness among community college students. The current 

study used a statewide administrative dataset to estimate how the online course delivery 

format affects students’ course performance, in terms of both course withdrawal and 

course grade, relative to face-to-face format. Considering that student may sort among 

course formats in nonrandom ways, we employ an instrumental variable strategy 

approach using the distance from a student’s home to college as an instrument for the 

student’s likelihood of enrolling in an online section rather than face-to-face. The 

analyses show robust estimates of negative impacts of online learning on both course 

retention and course grade, with the IV estimates being consistently stronger than the 

corresponding OLS estimates across all model specifications. Significant variations of the 

impacts of online formats are also found among different types of students, where males, 

younger students and students with lower prior GPA experienced significantly higher 

levels of penalty than females, older students and students with higher prior GPA.
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1. Introduction

One of the most pronounced trends in higher education over the last decade has 

been the rapid growth in distance education through online coursework. More than 20% 

of higher education students took at least one online course during the fall 2008 term, a 

17 percent increase over the number reported the previous year, which far exceeds the 

growth of the overall higher education student population (Allen & Seaman, 2010). 

Advocates of distance education have noted several potential benefits of online learning 

in comparison to the traditional face-to-face format. Online courses offer the flexibility of 

off-site asynchronous education (Peterson & Bond, 2004) and have the potential to 

provide strong computer-mediated student-to-student interaction and collaboration 

(Cavus & Ibrahim, 2007; Harasim, 1987), as well as immediate feedback on student 

learning (Brown, Lovett, Bajzek, & Burnette, 2006). Advocates are also particularly 

optimistic about the potential of fully online coursework to improve and expand learning 

opportunities at community colleges, where a large proportion of students hold part- or 

full-time jobs (Kleinman & Entin, 2002). These potential advantages make online courses 

particularly attractive in the community college setting, and indeed, online learning 

enrollments have increased more quickly at two-year colleges than at four-year colleges 

in the past decade (Choy, 2002; Parsad & Lewis, 2008). 

Despite the rapid growth of and high hopes for distance education in community 

colleges, questions remain regarding its effectiveness in this particular educational 

setting. Although the “no significant difference” phenomenon between face-to-face and 

distance education described by Russell (2001) continues to dominate the literature, the 

majority of studies on online learning focus on students who are well-prepared and 
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motivated to succeed in the course. As a result, we have little evidence on the 

effectiveness of online courses among the low-income and academically underprepared 

students who make up the bulk of community college students. However, some existing 

studies on particular courses (e.g., Bendickson, 2004; Chamber, 2002; Vargo, 2002) and 

individual institutions (e.g., Carpenter, Brown, & Hickman, 2004; Zavarella, 2008) 

suggest that online courses are often associated with less desirable course outcomes for 

underprepared students. Given the rapid growth of online courses in community colleges, 

it is important to verify that these courses do no harm to students’ academic success in 

this particular educational setting. 

This paper attempts to estimate the impact of course delivery format on course 

outcomes within the Washington Community College System. Using a unique dataset 

containing nearly 20,000 students who entered one of Washington State’s 34 community 

colleges in 2004, we track students across five years, examining how the online course 

delivery format affects students’ course performance, in terms of both course withdrawal 

and course grade, relative to the face-to-face format. Considering that student may sort 

among course formats in nonrandom ways, we employ an instrumental variable strategy 

(IV) approach using the distance from a student’s home to college as an instrument for 

the student’s likelihood of enrolling in an online section rather than face-to-face. We 

augment the IV strategy using course fixed effects in the regressions, which allow us to 

compare students who took the same course but were enrolled in different sections with 

different delivery formats, potentially controlling for biases related to both within- and 

between-course selection. Further, to account for differences in online course enrollment 
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across campuses, terms, and academic subjects, we also add college fixed effects, time 

fixed effects, and subject fixed effects into the regression. 

Our analyses show robust estimates of negative impacts of online learning on both 

course retention and course grade, with the IV estimates being consistently stronger than 

the corresponding OLS estimates across all model specifications. This suggests that 

straightforward OLS estimates are subject to a downward bias when precise measures of 

academic ability and motivation are unavailable. The IV estimates controlling for all 

available covariates and fixed effects indicate that students are on average 7.3 percent 

more likely to withdraw from an online section of a course than a face-to-face section, 

and that among those who persisted through the course, the average course grade for 

online students are lower compared to face-to-face students by 0.32 decimal grade points 

(e.g., a decrease from B to B-). We also find that the penalty of taking a course through 

an online rather than face-to-face format varies by types of students, with males, younger 

students, and students with lower prior GPA experiencing a higher level of penalty than 

females, older students, and students with higher prior GPA. 

To check the usefulness of distance as an instrumental variable, we also explore 

the relationship between course outcomes and distance for the subsample of face-to-face 

courses only, and find that there is no relationship. This strengthens our interpretation 

that the IV estimate of the effects of online format reflects the effects of online course 

taking rather than the effects of distance.

The current study makes several important contributions to the existing literature 

on distance learning in higher education. First, unlike most previous studies, we focus 

exclusively on community colleges, where the bulk of students are academically under-
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prepared. Second, most studies that compare online and face-to-face courses focus on 

outcomes among students who persisted to the conclusion of the course; thus, most not 

only ignore student retention as an outcome of interest but also may introduce bias into 

their examination of course performance, since students may withdraw from different 

course formats at different rates or for different reasons. Our study explicitly addresses 

both issues by separately exploring the relative effects of course delivery format on 

course withdrawal and course grade, using a Heckman selection model to test for the 

possibility of sample selectivity before estimating the impact of online course on course 

grade. Third, we utilize an instrumental variable strategy under a course fixed effects 

model to account for self-selection into different courses, as well as into the online versus 

face-to-face sections of each course. Fourth, this paper is also one of the few studies to 

explore heterogeneity of online course effects across different types of students. Finally, 

almost all studies that contrast online and face-to-face learning have focused on one 

particular course in a single institution. In contrast, our study uses a statewide dataset and 

explores the relative effects of online course delivery based on all the courses taken by 

students over their college career. Therefore, our results may more accurately reflect the 

broader impacts of online learning in the community college setting. 

The remainder of this paper is organized as follows: section 2 provides an 

overview of the literature addressing online learning in the community college setting; 

section 3 introduces our empirical strategies and describes the sample; section 4 presents 

the results based on OLS models and instrumental variable models; and section 5 

summarizes the results and presents recommendations.
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2. Literature Review

Online course enrollments have grown rapidly at public two-year institutions 

during the last decade. In 1997–98, public two- and four-year institutions each had 

approximately 710,000 enrollments in distance education courses (Choy, 2002). In 2006–

07, distance enrollments at public two-year institutions rose to nearly 5 million, 

approximately twice as many enrollments as there were in distance education at public 

four-year institutions (Parsad & Lewis, 2008). By 2007, over 97% of two-year colleges, 

versus 66% overall in all postsecondary institutions, offered online education courses 

(Parsad & Lewis, 2008).

The most commonly cited reason for the importance of online learning is student 

access (Allen & Seaman, 2008; Beatty-Guenter, 2002; Parsad & Lewis, 2008). According 

to a recent report on distance education at degree-granting postsecondary institutions 

(Parsad & Lewis, 2008), 92% of the institutions cited “meeting student demand for 

flexible schedules” (p. 16) as affecting distance education decisions to a moderate or 

major extent. Other important factors with moderate or major effects on distance 

education decisions include “providing access to college for students who would 

otherwise not have access” (89%), “making more courses available” (86%), and “seeking 

to increase student enrollment” (82%). Students also tend to endorse convenience and 

flexibility as primary reasons for taking online courses (e.g., Block, Udermann, Felix, 

Reineke, & Murray, 2008). Studies that describe the demographic characteristics of 

online students (Cohen & Brawer, 2003; Imel, 1998; Perez & Foshay, 2002) generally 

agree that students participating in distance education are more likely to be 
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nontraditional1 students, who may find it difficult to attend on-campus courses due to 

employment or family commitments. The potential advantages of distance learning 

among the non-traditional population have thus encouraged online courses to flourish in 

community colleges, where 90% of the students are defined as nontraditional, compared 

to 58% in four-year public universities (Choy, 2002).

A large body of non-experimental studies have compared learning outcomes in 

online and face-to-face courses among students who complete a given course. There is 

wide variation in the pattern of results across studies, with some finding positive results 

for online learning and others finding negative results (Jahng, Krug, & Zhang, 2007; 

Phipps & Merisotis, 1999; Sitzmann, Kraiger, Stewart, & Wisher, 2006; Zhao, Lei, Yan, 

Lai, & Tan, 2005). In an attempt to combine the results of the highest-quality individual 

studies, the U.S. Department of Education (2009) recently conducted a meta-analysis that 

considered only random-assignment or quasi-experimental studies. The meta-analysis 

concluded that fully online and hybrid-online courses had, on average, equal or better 

learning outcomes than face-to-face courses. However, only seven of the studies in the 

meta-analysis were relevant to typical online semester-length college courses (Caldwell, 

2006; Cavus & Ibrahim, 2007; Davis, Odell, Abbitt, & Amos, 1999; LaRose, Gregg, & 

Eastin, 1998; Mentzer, Cryan, & Teclehaimanot, 2007; Peterson & Bond, 2004; 

Schoenfeld-Tacher, McConnell, & Graham, 2001). Overall, these seven studies showed 

no strong advantage or disadvantage in terms of learning outcomes2 among students who 

1 The National Center of Education Statistics (NCES) has listed several general characteristics of 
nontraditional students, such as part-time attendance, full-time work, financial independence, and not 
possessing a high school diploma (National Center of Education Statistics, 2002).
2 The meta-analysis (U.S. Department of Education, 2009, Exhibit 4a) reports the effect sizes for six of 
these studies as positive for online learning, while one was reported as negative. However, our re-
examination of the studies (Jaggars & Bailey, 2010) suggests that three should be classified as negative 
(Davis et al., 1999; Peterson & Bond, 2004; Mentzer et al., 2007), one as mixed (Caldwell, 2006), two as 
positive (Cavus & Ibrahim, 2007; Schoenfeld-Tacher et al., 2001), and one as unclassifiable based on 
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stayed in the course throughout the entire semester. However, all seven studies involved 

relatively well-prepared students attending mid-sized or large universities, five of which 

were rated as “selective” or “highly selective” by U.S. News and World Report. Only one 

of the studies (Peterson & Bond, 2004) examined the impacts of the course method on 

lower-performing students; its results suggested that the bottom one-third of students 

performed better in the face-to-face setting than in the online setting. Similarly, a recent 

experimental study comparing learning outcomes between online and face-to-face 

sections of an economics course (Figlio, Rush, & Yin, 2010) found no significant 

difference between the two groups overall but noted that among students with low prior 

GPAs, those in the online condition scored significantly lower on in-class exams than did 

those in the face-to-face sections. These findings have led some researchers to suspect 

that online instruction might not be as effective as face-to-face instruction for 

academically underprepared students. 

In addition, the bulk of research comparing online and face-to-face courses has 

focused on learning outcomes among those who complete the course, paying little 

attention to potential differentials in the rate of course completion. Two regression 

studies that controlled for multiple covariates have focused on online versus face-to-face 

course withdrawal in the community college context. First, in a study of a developmental 

writing course in a community college (Carpenter, Brown, & Hickman, 2004), students in 

the online version of the course were substantially more likely to withdraw over the 

course of the semester than were students in the face-to-face version (after controlling for 

initial reading and writing placement scores, gender, minority status, full-time student 

status, late versus early registration for the semester, and age). It may not be surprising, 

information provided in the published article (LaRose et al., 1998).
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then, that online students who stayed in the course were more likely to earn a good grade 

than were face-to-face students who stayed. Second, a study of developmental 

mathematics students in community college found that completion rates were higher for 

face-to-face (80%) than online (61%) courses, a difference which remained consistent 

and was statistically significant after controlling for age, ethnicity, marital status, gender, 

and social-interaction learning style (Zavarella, 2008). In the Zavarella study, 

approximately half of the students who withdrew provided the reason for their 

withdrawal: 70% of online student respondents withdrew because of technical problems, 

computer-based learning issues, or other factors related to the online nature of the course. 

Although the Carpenter et al. (2004) and Zavarella (2008) studies used regression 

techniques to control for observable differences, they could not rule out the possibility 

that unobserved student characteristics such as motivation might correlate with both 

online course enrollment and course outcomes. In addition, both studies (together with 

most existing research in this field) are based on relatively small sample sizes of students 

taking a particular course in a single institution, which limits the external validity of the 

research findings. 

Overall, the evidence on online versus face-to-face learning outcomes among 

community college students is scant. However, the weight of the evidence seems to 

suggest that these students are more likely to withdraw from online than face-to-face 

courses. It is less clear whether students who persist to the end of the semester have 

similar learning outcomes in online versus face-to-face courses, given that no community 

college studies have appropriately controlled for unequal withdrawal rates in their 

examination of learning outcomes. In the current study, we attempt to strengthen the 
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evidence using a large dataset that includes multiple community colleges across an entire 

state system.

3. Data and Empirical Framework 

3.1 Data and Summary Statistics

This paper focuses on transfer-oriented Washington residents who initially 

enrolled in one of Washington State’s 34 two-year public community or technical 

colleges during the fall term of 2004. These first-time college students were tracked 

through the summer of 2009, approximately five years. The dataset, provided by the 

Washington State Board of Community and Technical Colleges (SBCTC), includes 

information on student demographics, institutions attended, transcript data on courses 

taken and grades received, and information on each course, such as course number, 

course subject, and course delivery format3. The dataset also includes information from 

Washington State Unemployment Insurance (UI) wage records, including individual 

employment status and working hours in each term. Excluded from the dataset are 

courses that were dropped early in the semester (prior to the course census date). Thus, in 

our study, “course dropout” denotes that a student paid full tuition for a course but did 

not persist to the end of the course.  

Because the aim of this paper is to understand the impact of course delivery 

within specific courses, we exclude courses where all sections were offered through the 

same delivery format within a school. In addition, we also exclude developmental 

3 In the time period under study, an online course was defined as one in which 51% or more of the 
instruction and student-teacher interaction was online.
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education (or “remedial”) courses, given that very few of them were offered online. The 

final analysis sample includes 126, 317 courses taken by 18,896 students. 

The 34 Washington community colleges vary widely from one another in terms of 

institutional characteristics. The system comprises a mix of large and small schools, as 

well as institutions located in rural, suburban, and urban settings. Overall, however, 

Washington community colleges seem to more closely represent an urban and white 

student population than do community colleges in the country as a whole4.

Summary statistics of the student sample are displayed in Table 1. In addition to 

the statistics for the full student sample (column 1), Table 1 also presents the 

characteristics of students who ever attempted an online course across the five-year 

period of study (column 2) and the characteristics of students who never took an online 

course during that period (column 3). On a descriptive basis, it appears that the online 

student population consists of larger proportions of females, white students, students of 

higher socioeconomic status (SES), students who applied and were eligible for need-

based aid, students who live slightly further away from their college of attendance, and 

students who work more hours in a term. Interestingly, the online student sample seems 

to be associated with a higher level of academic preparedness in a consistent way. 

Specifically, compared to their never online counterparts, the ever online student sample 

consists of larger proportions of students who were dual enrolled prior to college, and 

who were college-ready in English when they first entered the college. Additionally, ever 

online students had also earned higher GPAs and accumulated more credits than never 

online students, both at the end of the first term and at the end of the first year. These 
4 4. This description is based on statistics reported to the 2004 Integrated Postsecondary Education Data 
System (IPEDS) database. However, when comparing the characteristics of Washiongton’s community 
colleges to U.S. community colleges as a whole, none of these institutional differences reach statistical 
significance at the 0.05 level.
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statistics imply that students with stronger academic preparation are more likely to 

attempt an online section of a given course. However, it is also possible that more 

strongly-prepared students tend to take certain types of courses (for example, more-

advanced courses) that also happen to have more online sections. To account for this 

possibility, we used course fixed effects to control for student self-section into different 

subjects and levels of courses (see 3.3 for details).   

3.2 Basic Empirical Model

To assess the effects of online course delivery, we use regression techniques, 

beginning with a basic OLS model. The key explanatory variable is whether students 

took each course through an online or a face-to-face format. Our basic strategy relates 

student i’s course outcomes in subject k at campus j in term t to the course format: 

Yikjt = α + β onlineikjt + γ Xi + πt + ρk + σj + μikjt                                           (1)5

Where online is the key explanatory variable and is equal to 1 if the course is taken 

online. One of the major advantages of the current data set is that it includes rich 

information about student characteristics, such as working hours in each term and 

socioeconomic status, which are often absent in existing studies exploring the relative 

impact of course delivery format. This allows us to incorporate a rich set of student-level 

controls into our model, where Xi includes demographic attributes (e.g., age, gender, 

race, SES), academic preparedness (e.g., remedial status, previous dual enrollment), and 

5 Given that one of the outcome variables (course withdrawal) is discrete in nature, we also used logistic 
regression as a robust check for this analysis. The results resemble what is presented in Table 3. We 
presented the results from OLS estimates for easier interpretation. 
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semester-level information (e.g., working hours in this term, total credits taken in this 

term). In addition, we also include fixed effects for the term of enrollment in the course 

(πt), the subject of the course (ρk) , and the campus of attendance (σj). Because there are 

multiple observations per student as well as per course, we control for both within-

student correlation and within-course correlation by two-way clustering the standard 

errors at both the student level and course level.  

The study focuses on two course outcomes: whether the student withdraws from 

the course, and course final grade. To examine course grade, we must also deal with 

potential nonrandom selection issues. Since course format may have an impact on both 

course retention and course grade, and since we cannot observe the potential grade of 

students who did not persist through the course, if unobserved determinants of course 

retention are also correlated with unobserved determinants of course grade, then 

statistical analyses based on those non-randomly selected samples can lead to erroneous 

conclusions regarding the impact of course format on course grade. To address this 

concern, we use Heckman selection models6, a two-step statistical approach, to test for 

the possibility of sample selectivity before estimating the impact of course format on 

course grade for each model specification. 

3.3 Addressing Between-Course Selection Using Fixed Effects Approach

Our analysis intends to relate students’ course outcomes to the course delivery 

formats they choose. However, the distribution of delivery formats across courses may 

6 The Heckman correction takes place in two stages. First, we formulate a model for the probability that 
students persist through the course based on a probit regression. In the second stage, we test for self-
selection by incorporating a transformation of these predicted individual probabilities as an additional 
explanatory variable λ. Therefore, testing the null that the coefficient on λ is zero is equivalent to testing 
for sample selectivity.
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not be random. First, students may choose different courses based on their preferences for 

particular types of course formats. Additionally, online courses may be more likely to be 

offered in particular colleges, terms, departments, or course subjects, and as a result 

certain types of students will be more likely to attend online courses than others. 

Although we have partially addressed this issue by including college, term, and subject 

fixed effects, our basic empirical model (equation 1) would be subject to bias if certain 

courses (even within a particular college, term, and subject) are more likely to be offered 

online. For example, suppose that within a given department, advanced-level courses are 

more likely to be offered online than entry-level courses. A direct comparison of online 

and face-to-face sections across these different courses may result in biased estimates. To 

address the potential problem of varying probability of online enrollment across courses 

within a college, we use a course fixed effects model, which effectively compares online 

versus face-to-face sections of the same course. 

3.4 Addressing Within-Course Selection Using Instrumental Variable Approach

Although we argue in section 3.2 that course fixed effects are an effective means 

of controlling for student self-selection into different courses, there may be some 

remaining selection issues if students systematically sort between online and face-to-face 

sections within a single course. To deal with this concern, we employ an instrumental 

variable strategy (IV) approach. Under the IV approach, a variable that is related to the 

treatment but is theoretically unrelated to the outcome is used to identify the treatment 

effect. In this analysis, we use the distance from each student’s home to their own college 

campus as an instrument for the student’s likelihood of enrolling in an online rather than 
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face-to-face section. Given that online courses offer the flexibility of off-site education, 

students who live farther from their own college campus might be more likely to take 

advantage of online courses, compared to students who live closer to their college. Using 

distance as an IV, we modify equation (1) to use an IV approach:

Yikjt = α + β’ onlineikjt + γ Xi + πt + ρk + σj + μikjt                                                       

where: Onlineikjt = α +  δdistancei + γ Xi + πt + ρk + σj + μikjt                         (2)

In Equation 2, the key explanatory variable onlineikjt is instrumented using 

distance from the students’ home to the college of attendance. The coefficient β’ would 

thus represent an unbiased estimate of the impact of course format on course outcomes – 

but only if distance is indeed an appropriate instrument.  

There are three major concerns about using distance as an instrument in the 

current context. First, researchers using national datasets have questioned the relevance 

of distance because of differences in the way distance is perceived across the country. 

However, this concern is limited in the current context because our study focuses on 

community colleges in one state, and our sample is restricted to Washington State 

residents only. Indeed, descriptive statistics indicate that in our sample, the average 

distance from a student’s home to the college of attendance is only 13 miles, with nearly 

90% of students living within 23 miles. It is unlikely that perceptions of distance would 

be fundamentally different within such a small range. 

Additionally, several researchers (e.g. Card, 1995; Long & Kurlaender, 2008; 

Rouse, 1995) caution that distance may be endogenous, because individuals or families 
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who value education might choose to live in close proximity to a college campus. If so, 

this tendency could be particularly prominent among community college students, given 

the great variation in students’ educational intent (Alfonso, 2006; Alfonso, Baiey, & 

Scott, 2005). To address this concern, we utilize information on student educational 

intent and focus only on students with the objective to transfer to a four-year college. 

Therefore students included in our sample presumably share a similar level of motivation. 

A third potential difficulty with distance as an instrument is that proximity to 

college might directly affect student course outcomes, rather than merely affecting them 

indirectly through the online treatment. For example, students living closer to their 

college might perform at a higher level because they have easier access to college 

facilities and instructors. To address this concern, we explore the relationship between 

course outcomes and distance for a subsample of face-to-face courses only. Because 

these courses were not influenced by course delivery format, they form a natural control 

group to test whether distance directly affects course outcomes.. As we show below in 

section 4, there is no relationship between course outcomes and distance for face-to-face 

courses. This strengthens our interpretation that the IV estimate of the effects of online 

format reflects the effects of the course delivery format.

Finally, distance will be effective as an instrumental variable only if it indeed has 

a relationship to online course enrollment. We also explore this issue in the next section.

4. Empirical Results

4.1 Ordinary Least Squares Estimates
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Among all 126,317 courses in the sample examined, approximately 22% were 

offered online. The average withdrawal rate across courses is 7%, with a gap between 

online courses (9%) and face-to-face courses (6%). For courses where students persisted 

through to the end (N=117,889), the average grade was 2.65 (on a 4-point scale), also 

with a gap between online courses (2.54) and face-to-face courses (2.68). Table 2 

presents OLS estimates from Equation 1, which examines the impact of online course 

format on course withdrawal and course grade. The left side of the table (column 1 to 

column 4) includes the full course sample. The baseline regression (specification 1) does 

not include any fixed effects. The results suggest that online course format has a 

significantly negative impact on both course retention and course grade. Specifically, 

students taking courses through the online format are on average more likely to withdraw 

from the course by 3.58 percentage points; for students who persisted through the course, 

the average grade for online courses are lower compared to face-to-face courses by 

approximately 0.20 grade points, controlling for all available student characteristics. 

Once accounting for differences across colleges, course subjects, and terms with fixed 

effects (specification 2), the estimated effects become larger for both outcome measures; 

after course fixed effects are added into the model, the estimates are further magnified to 

4.43 percentage points for course dropout and -0.27 grade points for course grade 

(specification 3).

For each of the specifications, we use a Heckman correction model to test for 

sample selectivity before estimating the relative impact of course format on final grades, 

and lambda is consistently insignificant across all the three models, where the smallest p-

value is 0.18 under specification 3 (adding course fixed effects), implying that course 
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grade is not subject to a sample selectivity problem. To be conservative, we also present 

the Heckman correction estimate using specification 3 as a robust check (column 4). 

Controlling for all the fixed effects, the estimate using Heckman correction model is 

-0.33, which is even larger than the estimate -0.27 in column 3.

It is possible that unmeasured pre-treatment characteristics jointly influence both 

course format selection and course outcomes. For example, perhaps less-motivated 

students are more likely to take online courses, and are also more likely to have poor 

course outcomes; in that case, the OLS estimates would be subject to bias. Therefore, we 

check the robustness of the current estimates by adding both students’ prior GPA and 

accumulated credits into the analysis as proxies of learning motivation. One tradeoff of 

this robustness check is that a course will be dropped if the student did not have a valid 

prior GPA at the time the course was taken; this limitation reduces the sample size to 

101,507 for course withdrawal and 94,525 for course grade. The results are presented on 

the right side of Table 2 (column 5 to column 8)7. Interestingly, the majority of the 

estimates based on models with prior GPA and credits are larger compared to the 

corresponding estimates presented in column 1 to column 4. This observation supports 

our previous suspicion, discussed in section 3.1, that online course takers might be 

students with stronger academic preparation and learning motivation compared to face-

to-face takers.   

While using course fixed effects addresses concerns that the distribution of 

delivery formats across courses may not be random, these fixed effects are sufficient only 

if students are randomly assigned or unsystematically choose their particular section 
7 We also test for sample selectivity before estimating the relative impact of course format on final grades 
for models adding prior GPA and credits and the p-value of lambda is consistently larger compared to that 
based on full course sample. However, to enable comparisons across models, we still present the Heckman 
correction estimate controlling for course fixed effects in column 8.  
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within a course in a college. To examine whether this hypothesis holds, we predict the 

likelihood of taking a course through the online format based on the available variables. 

As Table 38 shows, the probability of taking a course online is related to student 

characteristics even after including all fixed effects. A simple comparison of students 

without including any fixed effects (specification 1) suggests that online courses are 

significantly more popular among older students, females, white students, students with 

higher level of socioeconomic status, students who work more hours in a given term, 

students who were dual enrolled prior to college, financial aid recipients, part-time 

students, and college ready students. Most of these relationships remain even after adding 

college, subject, term (specification 2), and course fixed effects (specification 3). These 

findings suggests that when taking a particular course, certain individual characteristics 

may encourage (or discourage) students to enroll in an online rather than face-to-face 

section. While these observed characteristics are controlled in the estimates presented in 

Table 2, it is possible that additional characteristics, which are unobserved, also jointly 

influence online course enrollment and course outcomes. We use an instrumental variable 

approach to account for this possibility. 

4.2 Instrumental Variable Estimates

To address additional concerns about selection, our instrumental variable strategy 

uses the distance from a student’s home to the college of attendance as an instrument for 

the student’s likelihood of enrolling in an online section rather than face-to-face in a 

8 We use full course sample to predict the probability of online course enrollment for Table 3. We also 
added prior GPA and credits as robust check for each model. Both variables had positive impacts on online 
course enrollment but neither of them achieved significance at the 0.1 level for all the three models. Under 
the course fixed model (specification 3), the p-value is 0.139 for prior GPA and 0.279 for accumulated 
credits. 
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particular course. Table 4 shows the first stage results when we estimate equation 2. In a 

similar vein to the OLS estimates, the first three columns present estimates based on the 

full course sample, while columns 4 to 6 present estimates based on models further 

controlling for prior GPA and credits. In general, the distance from a student’s home to 

the college of attendance is a significant predictor of online enrollment across all models 

and is positively related to the probability of taking a course through the online format; 

the estimated relationship becomes even stronger when adding fixed effects into the 

model. This confirms the notion that students who live further away from college are 

more likely to take advantage of off-site online courses compared to students living 

closer to college. The F-tests on the excluded instrument suggest that distance does help 

to explain which students do and do not take a course through online format, no matter 

which model specification is employed.  

Table 5 shows the instrumental variable estimates of the relative impact of the 

online course format on each course outcome measure. In line with the models used for 

the OLS estimates, the first four columns present estimates based on the full course 

sample, while columns 5 to 8 present estimates based on models further controlling for 

prior GPA and credits. In Table 5, each specification uses the first stage estimates with 

corresponding specifications. The results echo those presented in Table 2: the online 

course format has a negative impact on both course retention and course grade, and such 

impacts become stronger when adding fixed effects9. In addition, the IV estimates are 

slightly but consistently stronger compared to the corresponding OLS estimates using 

9 Again, we test for sample selectivity before estimating the relative impact of course format on final grades 
for all models and lambda never reaches significance. The Heckman correction estimates controlling for 
course fixed effects are presented in column 4 (full course sample) and column 8 (adding prior GPA and 
credits) as robust checks.  
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each model specification; the IV estimate controlling for all fixed effects (specification 3) 

is 0.073 for course withdrawal as compared to 0.044 based on the OLS model, and -0.32 

for course grade as compared to -0.27 based on the OLS model. The magnification of the 

estimates after controlling for both observed and unobserved characteristics supports the 

notion that online courses are more popular among more motivated and academically 

better-prepared students. As a result, straightforward OLS estimates may be subject to a 

downward bias when precise measures of academic ability and motivation are 

unavailable.

The validity of the IV identification strategy used in the current study rests on the 

assumption that distance is a legitimate instrument for online enrollment. From Table 4 

(first stage IV) it would seem that distance is significantly related to online enrollment. 

However, for the IV estimates to be consistent, it must also be the case that distance shall 

not influence course outcomes for reasons other than online enrollment. Therefore, it is 

useful to consider the impact of other possible effects of distance. As discussed in a 

previous section, we addressed this possibility by exploring the relationship between 

course outcomes and distance for the subsample of face-to-face courses. If distance 

affects course outcomes for a reason other than online enrollment, we would expect 

distance to be related directly to course outcomes for this subsample. The results of this 

exploration (Table 6) suggest that there is no relationship between course outcomes and 

distance for this subsample of courses; this independence is robust to all model 

specifications. This strengthens our interpretation that the IV estimate reflects the impacts 

of course delivery format on course outcomes.
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4.3 Heterogeneous Effects among Different Types of Students

Our results have highlighted the potential penalty imposed through the online 

course delivery format. However, the analyses thus far have not taken into account 

variations in student characteristics and possible heterogeneous effects of online courses 

on different types of students. There is wide variation in the pattern of results across 

existing studies on the impact of course delivery format on course outcomes; one 

potential cause of such variation might be differences in individual adaptability to the 

online learning environment. For example, students with stronger academic preparation 

or motivation might deal more capably with technical difficulties, or might have stronger 

self-directed learning skills, allowing them to adjust more readily to the relatively low 

structure and high flexibility of the online learning environment. We explored potential 

heterogeneity in the impact of online courses in terms of gender, age, and prior GPA. The 

results are presented in Table 710; each cell represents a separate regression using the 

instrumental variable approach and controlling for all background covariates as well as 

college, subject, term, and course fixed effects. The top panel presents heterogeneity 

between males and females; the panel in the middle presents heterogeneity between those 

aged 25 or older at college entry and those under 25; the bottom panel presents 

heterogeneity between those with a prior GPA of at least 3.0 and those below 3.0 For 

each specification, we control the same set of covariates as used by estimates presented in 

previous tables. As a first step in each heterogeneity analysis, we included an interaction 

term between gender (or age or prior GPA) and course format to test whether the impacts 

of the online format significantly vary between the subgroups; the corresponding p-value 

10 Results of first stage IV regressions indicate that distance is a significant predictor of online enrollment 
for each subgroup and the F-test on the excluded instrument is consistently significant no matter which 
model specification is employed.  
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for each interaction term is reported in the last row of each panel.  We then conducted 

separate analyses on each subgroup using the same model specification (omitting the 

interaction). 

Results indicate that the penalty of taking a course online rather than face-to-face 

does vary by type of students. Specifically, while the online course format still has a 

significantly negative impact on female students, females experience a significantly 

lower level of penalty by approximately 3 percentage points in terms of course dropout 

rate compared to their male counterparts. That gap remains significant even after adding 

prior GPA and credits into the model. However, in terms of course grade, females are 

equally subject to the negative impact compared to males when enrolling in online 

courses. 

In terms of age, older students consistently experience a significantly reduced 

penalty for online learning compared to their younger counterparts by approximately 4 

percentage points for course withdrawal, and by approximately 0.1 grade points for 

course grade. Additionally, when we further add prior GPA and credits into the model, 

the penalty of online format becomes insignificant for older students for both course 

outcomes at the 0.1 level; that is, older students may perform just as well in online 

courses as they do in face-to-face courses. 

Lastly, students with a prior GPA above 3.0 experience a significantly reduced 

penalty for online learning compared to students with a prior GPA below 3.0; the gap 

between these two types of students are the largest among all the three sets of sub-group 

comparisons. These findings suggest that males, younger students, and students with 

lower academic ability and motivation are particularly at risk in online courses while 
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females, older students and students who are academically better prepared and motivated 

are less subject to disadvantages associated with online course delivery11. 

5. Conclusion

Researchers, practitioners, and policy makers are engaged in vigorous debate 

about the effectiveness and future promise of online learning in higher educational 

institutions. In an attempt to contribute reliable evidence on community college students’ 

online course performance, the current study use a unique dataset to compare online and 

face-to-face course outcomes in a large state community college system. Our analysis 

shows that a simple comparison of students enrolled in online and face-to-face courses is 

likely to be biased -- not only because the distribution of delivery formats across courses 

may not be random across colleges, time, subject and courses, but also because students 

may systematically select for online or face-to-face sections within a particular course. 

By employing exogenous variation in the distance from a student’s home to college, we 

use an instrumental variable approach augmented by college, time, subject and course 

fixed effects to attain unbiased estimates of the relative impacts of online course delivery 

format.

The results suggest that the online format has a significantly negative impact on 

both course retention and course grade, and that this relationship remains even after 

controlling for college, subject, time and course fixed effects. The IV estimates are 

consistently stronger than the corresponding OLS estimates, a pattern that reinforces the 

notion that online courses are more popular among more-motivated and better-prepared 
11 One concern is that such heterogeneity among different types of students might be due to variations of 
online course designs and effectiveness among different programs. Based on this account, we tested these 
interactions within each subject. The results echoed those presented in Table 7, though not always 
significant across all subjects.  
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community college students. Our heterogeneity analyses also suggest that students with 

lower levels of academic preparation and motivation are more likely to struggle with the 

challenges of online coursework.  

There are several possible reasons why online courses could be less effective 

compared to traditional face-to-face courses in the community college setting. First, 

community college students are often academically underprepared when they enter 

college, and might thus be more susceptible to technical difficulties in online courses 

(Frankola, 2001). For example, students report frustration with their own slowness of 

typing, problems navigating the course management system, and difficulty following 

material on the screen (Aman & Shirvani, 2006; Bambara et al., 2009), all problems that 

may be more common among students with weak educational backgrounds. In addition, 

underprepared students may also have poor time-management and independent-learning 

skills, which are thought to be critical to success in online and distance education (e.g. 

Eisenberg & Dowsett, 1990). Further, despite the potential for strong and consistent 

student-instructor and student-to-student interaction online, online courses, as typically 

designed and implemented, often lack this component (Howard, 2002), which can lead to 

a sense of student isolation and alienation. This can be particularly problematic for 

students in community colleges, where many are first-generation college students and 

might require additional instructional and institutional supports in order to remain 

motivated and succeed academically. Our findings suggest that online courses, as 

typically designed and implemented, do not provide these supports to these students as 

effectively as do on-campus, face-to-face courses. 
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Proponents of online learning have consistently noted that it is not course 

modality but course quality that impacts student learning. In principle, we agree with this 

assertion, but our results suggest that designing and teaching high-quality online courses 

with sufficient student supports may be more difficult than doing so with face-to-face 

courses. That is, in order for increased online course offerings to translate to improved 

academic success and postsecondary progression for low-income and academically 

underprepared students, institutions may need to devote substantially more resources to 

developing and evaluating programs and practices explicitly designed to improve such 

students’ retention and learning in online courses. Without a more critical examination of 

the pedagogical factors, student supports, and institutional structures that reinforce online 

students’ academic commitment and motivation, it is unlikely that an increase in online 

offerings will result in a substantial increase in educational attainment among low-

income and underprepared students.
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 Table 1. Student Characteristics
Full Student

 Sample
Ever Online 

Student Sample
Never Online 

Student Sample
Female 0.5240 (0.4994) 0.5705 (0.4950) 0.4749 (0.4994)
White 0.6982 (0.4590) 0.7104 (0.4536) 0.6854 (0.4644)
African American 0.0438 (0.2047) 0.0368 (0.1882) 0.0513 (0.2206)
Hispanic 0.0229 (0.1496) 0.0215 (0.1451) 0.0244 (0.1542)
American Indian 0.0142 (0.1182) 0.0117 (0.1077) 0.0168 (0.1284)
Asian 0.0746 (0.2628) 0.0764 (0.2657) 0.0727 (0.2597)
Alaska Native 0.0011 (0.0333) 0.0008 (0.0287) 0.0014 (0.0376)
Native Hawaiian 0.0037 (0.0603) 0.0035 (0.0591) 0.0038 (0.0616)
Pacific Islander 0.0025 (0.0498) 0.0012 (0.0351) 0.0038 (0.0616)
Multi-Racial 0.0414 (0.1993) 0.0416 (0.1997) 0.0413 (0.1989)
Unknown 0.0621 (0.2413) 0.0607 (0.2387) 0.0636 (0.2440)
Age 21.2799 (6.5600) 21.4374 (6.6328) 21.1133 (6.4784)
Highest SES 0.1748 (0.3798) 0.1868 (0.3898) 0.1621 (0.3686)
Higher SES 0.2215 (0.4153) 0.2274 (0.4192) 0.2153 (0.4111)
Middle SES 0.2054 (0.4040) 0.2013 (0.4010) 0.2097 (0.4071)
Lower SES 0.1800 (0.3842) 0.1754 (0.3803) 0.1848 (0.3882)
Lowest SES 0.1372 (0.3441) 0.1310 (0.3374) 0.1438 (0.3509)
Unknown SES 0.0811 (0.2730) 0.0781 (0.2683) 0.0843 (0.2778)
Distance to College 13.2918 (26.5534) 13.5694 (26.3377) 12.9983 (26.7778)
Applied and eligible for need-
based aid

0.4222 (0.4939) 0.4445 (0.4969) 0.3985 (0.4896)

Ever Enrolled Reading/Writing 
Dev-Ed

0.1906 (0.3928) 0.1755 (0.3804) 0.2065 (0.4048)

Ever Enrolled Math Dev-Ed 0.5599 (0.4964) 0.5709 (0.4950) 0.5483 (0.4977)
Limited English 0.0016 (0.0398) 0.0016 (0.0406) 0.0015 (0.0390)
Dual Enrolled Prior to Entry 0.0866 (0.2813) 0.0935 (0.2912) 0.0794 (0.2703)
*GPA at the end of first term 2.8894 (0.9448) 2.9822 (0.8713) 2.7880 (1.0093)
GPA at the end of first year 2.6735 (1.0734) 2.8056 (0.9730) 2.5338 (1.1538)
Credits at the end of first term 11.2105 (4.8552) 11.6360 (4.7225) 10.7608 (4.9523)
**Credits at the end of first year 21.2929 (9.0137) 22.4324 (8.7978) 20.0537 (9.0824)
Average working hours in a term 193.1964 

(173.8875)
201.5242 
(171.5899)

184.3935 
(175.8647)

Average credits taken in a term 12.8538 (3.3007) 13.0406 (3.1077) 12.6563 (3.4824)

Observations 18,896 9,710 9,186

*   Observations for “GPA at the end of first term” is 17,667 for the full student sample, 9221 
for the ever online student sample, and 8446 for the never online student sample. 
** Observations for “Credits at the end of first year” is 18,050 for the full student sample, 9,403 
for the ever online student sample, and 8,647 for the never online student sample. 
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Table 2 OLS Estimates of the Effect of Taking a Course through the Online Format 

Full Course Sample              Adding Prior GPA & Credits

Baseline

  
     (1)

Adding
Time,
College &
Subject FE
      (2)

Adding
Course 
FE

    (3)

Course
FE Using
Heckman
  
    (4)

Baseline

    (5)

Adding time,
College &
Subject FE
     
        (6)

Adding
Course 
FE
    
    (7)

Course
FE Using
Heckman
  
    (8)

Dependent Variable: Course Withdrawal

Online Format 0.03581**
(0.0030)

0.0406**
(0.0029)

0.0439**
(0.0031)

- 0.0376**
(0.0032)

0.0427**
(0.0031)

0.0475**
(0.0034)

-

R-squared 0.0785 0.0941 0.0478 - 0.1028 0.1225 0.0644 -

Observations 126,317 126,317 126,317 - 101,507 101,507 101,507 -

Dependent Variable: Course Grade
Online Format -0.1950**

(0.0209)
-0.2324**
(0.0201)

-0.2655**
(0.0189)

-0.3305**
(0.0853)

-0.1893**
(0.0197)

-0.2283**
(0.0188)

-0.2778**
(0.0172)

-0.3324**
(0.0723)

R-squared 0.1163 0.1356 0.0892 0.1214 0.1977 0.2185 0.2264 0.2284

Observations 117,889 117,889 117,889 117,889 94,525 94,525 94,525 94,525

College & Subject FE No Yes Yes Yes No Yes Yes Yes

Year-Term FE No Yes Yes Yes No Yes Yes Yes

Course FE No No Yes Yes No No Yes Yes

**Significant at the 5% level                *Significant at the 10% level
Notes: Due to the multiple observations per student as well as per course, standard errors for all 
the models are two-way clustered at both the student level and course level. The R-squared for 
course fixed effects models represents only the proportion of "within” variation explained by 
the model. All the models also include the following covariates: gender dummy variable, race 
dummy variable, socioeconomic status dummy variable, a dummy variable for receiving 
federal financial aid, limited English proficiency variable, a dummy variable for dual 
enrollment prior to college, the total number of credits taken in that term, a dummy variable for 
students’ enrollment in remedial courses, total working hours in that term, and a dummy 
variable for full time college enrollment in that term.  
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Table 3 OLS Estimates of the Probability of Taking a Course through the Online 
Format 

Full Course Sample
Baseline

         (1)

Adding Time, College
 & Subject FE
           (2)

Adding
Course FE
           (3)

Demographic Characteristics
Age 0.0065**(0.0005) 0.0067**(0.0005) 0.0058**(0.0004)

Female 0.0576**(0.0048) 0.0598**(0.0043) 0.0508**(0.0037)

Black Students 
(Base group: White)

-0.0432**(0.0118) -0.0382**(0.0102) -0.0329**(0.0089)

American Indians 0.0129(0.0218) 0.0149(0.0195) 0.0216(0.0182)

Asian -0.0362**(0.0087) -0.0495**(0.0076) -0.0122(0.0086)

Hispanic -0.0641**(0.0136) -0.0595**(0.0119) -0.0492**(0.0108)

Hawaiian -0.0315(0.0353) -0.0297(0.0311) -0.0152(0.0270)

Pacific -0.1151**(0.0342) -0.0709**(0.0260) -0.0497(0.0372)

Alaska -0.0589(0.0470) -0.0582(0.0501) -0.0334(0.0456)

Multiracial 0.0099(0.0113) -0.0008(0.0102) -0.0014(0.0089)

Higher SES
(Base group: Highest)

-0.0068(0.0077) -0.0010(0.0064) 0.00006(0.0057)

Middle SES -0.0138(0.0086) -0.0057(0.0070) -0.0043(0.0059)

Lower SES -0.0255**(0.0091) -0.0166*(0.0089) -0.0103*(0.0061)

Lowest SES -0.0188*(0.0101) -0.0110(0.0078) -0.0083(0.0068)

Academic Characteristics

Working Hours 0.0002**(0.00001) 0.0001**(0.00001) 0.0001**(0.00001)

Dual Enrolled Prior to College 0.0154*(0.0082) 0.0173**(0.0071) 0.0112*(0.0062)

Received Federal Financial Aid 0.0195**(0.0050) 0.0178**(0.0043) 0.0166**(0.0038)

Limited English Proficiency -0.0139(0.0396) -0.0647(0.0407) -0.0530(0.0384)

Num. of Credits Taken That Term -0.0015*(0.0009) -0.0009(0.0007) -0.0008(0.0007)

Full Time Enrollment That Term -0.0891**(0.0073) -0.0442**(0.0064) -0.0410**(0.0056)

Remedial Students -0.0412**(0.0054) -0.0677**(0.0047) -0.0599**(0.0041)

College & Subject FE No Yes Yes
Year-Term FE No Yes Yes
Course FE No No Yes

R-squared 0.2496 0.3218 0.1582
Observations 126,317 126,317 126,317

**Significant at the 5% level                *Significant at the 10% level
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Table 4 Results of First Stage IV Regressions (Probability of Taking a Course through 
the Online Format)

             Full Course Sample  Adding Prior GPA & Credits

Baseline

   (1)

Adding time,
College &
Subject FE
      (2)

Adding
Course FE

     (3)

Baseline

    (4)

Adding time,
College &
Subject FE
      (5)

Adding
Course FE

     (6)
Distance to College 0.0004**

(0.0001)
0.0006**
(0.00009)

0.0005**
(0.00008)

0.0004**
(0.0001)

0.0005**
(0.0001)

0.0005**
(0.00009)

College & Subject FE No Yes Yes No Yes Yes

Year-Term FE No Yes Yes No Yes Yes

Course FE No No No No No No

R-squared 0.2502 0.3226 0.0802 0.2811 0.3387 0.0777

Observations 126,317 126,317 126,317 101,507 101,507 101,507

F-test on Excluded 
Instruments (Prob > F) 0.0001

 
<0.0001 <0.0001 <0.0001 <0.0001 <0.0001

**Significant at the 5% level                *Significant at the 10% level
Notes: Standard errors for all the models are two-way clustered at both the student level and 
course level. The R-squared for course fixed effects models represents only the proportion of 
"within” variation explained by the model. All the models also include the following 
covariates: gender dummy variable, race dummy variable, socioeconomic status dummy 
variable, a dummy variable for receiving federal financial aid, limited English proficiency 
variable, a dummy variable for dual enrollment prior to college, the total number of credits 
taken in that term, and  a dummy variable for full time college enrollment in that term.  
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Table 5 IV Estimates of the Effects of Taking a Course through the Online Format

Full Course Sample              Adding Prior GPA & Credits

Baseline

  
     (1)

Adding
Time,
College &
Subject FE
      (2)

Adding
Course 
FE

    (3)

Course
FE Using
Heckman
  
    (4)

Baseline

    (5)

Adding time,
College &
Subject FE
     
        (6)

Adding
Course 
FE
    
    (7)

Course
FE Using
Heckman
  
    (8)

Dependent Variable: Course Withdrawal

Online Format 0.0550**
(0.0171)

0.0617**
(0.0137)

0.0730**
(0.0153)

- 0.0584**
(0.0208)

0.0691**
(0.0170)

0.0776**
(0.0189)

-

R-squared 0.0539 0.0672 0.0491 - 0.0574 0.0709 0.0554 -

Observations 126,317 126,317 126,317 - 101,507 101,507 101,507 -

Dependent Variable: Course Grade
Online Format -0.2891**

(0.0968)
-0.3083**
(0.0757)

-0.3172**
(0.0830)

-0.3495**
(0.0304)

-0.2616**
(0.1022)

-0.2747**
(0.1088)

-0.2816**
(0.1306)

-0.3309**
(0.0301)

R-squared 0.0634 0.0763 0.0512 0.0546 0.0819 0.0899 0.0591 0.0643

Observations 117,889 117,889 117,889 117,889 94,525 94,525 94,525 94,525

College & Subject FE No Yes Yes Yes No Yes Yes Yes

Year-Term FE No Yes Yes Yes No Yes Yes Yes

Course FE No No Yes Yes No No Yes Yes

**Significant at the 5% level                *Significant at the 10% level
Notes: Standard errors for all the models are two-way clustered at both the student level and 
course level. The R-squared for course fixed effects models represents only the proportion of 
"within” variation explained by the model. All the models also include the following 
covariates: gender dummy variable, race dummy variable, socioeconomic status dummy 
variable, a dummy variable for receiving federal financial aid, limited English proficiency 
variable, a dummy variable for dual enrollment prior to college, the total number of credits 
taken in that term, and  a dummy variable for full time college enrollment in that term.  

36



Table 6 OLS Estimates of the Effect of Distance on the Course Outcomes of Face-to-face 
Courses

Full Course Sample              Adding Prior GPA & Credits

Baseline

  
     (1)

Adding
Time,
College &
Subject FE
      (2)

Adding
Course 
FE

    (3)

Course
FE Using
Heckman
  
    (4)

Baseline

    (5)

Adding time,
College &
Subject FE
     
        (6)

Adding
Course 
FE
    
    (7)

Course
FE Using
Heckman
  
    (8)

Dependent Variable: Course Withdrawal

Distance 0.00003
(0.00003)

0.00004
(0.00003)

0.00006
(0.00005)

- 0.00001
(0.00004)

0.00002
(0.00004)

0.00002
(0.00003)

-

R-squared 0.0672 0.0747 0.0374 - 0.0819 0.0996 0.0515 -

Observations 98,608 98,608 98,608 - 77,517 77,517 77,517 -

Dependent Variable: Course Grade
Distance -0.0003

(0.0004)
-0.0004
(0.0004)

-0.0005
(0.0004)

-0.0005
(0.0004)

-0.0007
(0.0002)

-0.00007
(0.0002)

-0.00008
(0.0002)

-0.00009
(0.0002)

R-squared 0.0667 0.0900 0.0447 0.0494 0.1924 0.2152 0.0820 0.10889

Observations 93,047 93,047 93,047 93,047 72,843 72,843 72,843 72,843

College & Subject FE No Yes Yes Yes No Yes Yes Yes

Year-Term FE No Yes Yes Yes No Yes Yes Yes

Course FE No No Yes Yes No No Yes Yes

Notes: Standard errors for all the models are two-way clustered at both the student level and 
course level. The R-squared for course fixed effects models represents only the proportion of 
"within” variation explained by the model. All the models also include the following 
covariates: gender dummy variable, race dummy variable, socioeconomic status dummy 
variable, a dummy variable for receiving federal financial aid, limited English proficiency 
variable, a dummy variable for dual enrollment prior to college, the total number of credits 
taken in that term, and  a dummy variable for full time college enrollment in that term.  
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Table 7 IV Estimates of the Heterogeneous Effects of the Online Format by Student 
Characteristics (by Gender, by Age, and by Prior GPA)

Course Withdrawal              Course Grade

Full Course
Sample
 

Adding 
Prior GPA & 
Credits

Full Course
Sample

Adding 
Prior GPA & 
Credits

Gender
Male (N= 58,706) 0.0900**

(0.0162)
0.0972**
(0.0195)

-0.3130**  
(0.0929)

-0.2898**
(0.1262)

Female (N=67,611) 0.0625**
(0.0148)

0.0652**
(0.0161)

-0.3294**
(0.0780)

-0.2750**
(0.1358)

P-value for the interaction term <0.0001 <0.0001 0.2982 0.2731

Age (in Fall 2004)
Above 25 (N=15,743) 0.0424*

(0.0257)
0.0484
(0.0339)

-0.2362**
(0.1120)

-0.1748
(0.1697)

Below 25 (N=110,574) 0.0806**
(0.0109)

0.0831**
(0.0133)

-0.3530**
(0.0696)

-0.3108**
(0.1128)

P-value for interaction <0.0001 <0.0001 <0.0001 <0.0001

Prior GPA
Above 3.0 (N= 50,903) 0.0559**

(0.0117)
- -0.2091**

(0.1011)
-

Below 3.0 (N= 50,637) 0.1001**
(0.0200)

- -0.3842**
(0.1120)

-

P-value for interaction <0.0001 - <0.0001 -

**Significant at the 5% level                *Significant at the 10% level

Notes: N represents the total number of courses taken by this subgroup. Each cell 
represents a separate regression using instrumental variable approach. All the models 
include college, subject, term, and course fixed effects. Standard errors for all the models 
are two-way clustered at both the student level and course level. All the models also 
include the following covariates: gender dummy variable, race dummy variable, 
socioeconomic status dummy variable, a dummy variable for receiving federal financial 
aid, limited English proficiency variable, a dummy variable for dual enrollment prior to 
college, the total number of credits taken in that term, and  a dummy variable for full time 
college enrollment in that term.  
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