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our study. After the semester ended, 
we conducted the post analysis. And 
the significant results were … nothing! 
It did not seem to matter what stu-
dents scored in the pretest at the be-
ginning of the semester. All students 
were just as likely to pass or fail the 
course. The average grade for students 
was approximately a B and the median 
grade was an A–.

As Reich notes, it is possible our 
assessment instrument does not com-
pletely or correctly measure a student’s 
programming ability due to what he 
calls the “reification fallacy.”5 In other 
words, just because a student scores 
highly on our multiple-choice instru-
ment does not automatically mean the 

A 
TA LE  OF  WOE:  Our institu-
tion, like many others, 
has a high attrition rate 
in introductory computer 
science (CS1), our first 

programming class for majors. We of-
ten use the term “DWF rate,” as those 
students who earn Ds or Fs, or who 
withdraw from the course are ineligi-
ble to continue further in taking other 
CS classes as part of the major. Beyond 
the DWF rate, students who earn Cs in 
their CS1 course, while technically al-
lowed to continue taking CS classes, 
tend to struggle in those later classes. 
We do offer a pre-CS1 programming 
class to help students who are not 
ready to jump directly into CS1. Many 
researchers have shown students with 
prior programming experience tend to 
do better in the initial CS1 course. We 
have published research on this,3 as 
have many others.

We were tasked with developing 
an assessment our department could 
use to recommend whether students 
should sign up for our pre-CS1 course 
or our CS1 course. We decided to use 
an instrument that combined two re-
cently validated instruments that mea-
sured a student’s programming ability. 
One was a computing concepts inven-
tory1 and the second was a program-
ming comprehension inventory.4

Our university’s institutional re-
view board (IRB)-approved study al-
lowed us to have CS1 students op-
tionally take these instruments at the 
start of the semester. And by agreeing 
to participate in this study, the stu-
dents allowed their final grades in the 
course to be shared by the instructors 
of the course with us at the end of the 

semester. Instructors were to offer 
extra credit for those students who 
chose to participate in the study. We 
note that a student’s final grade for a 
course may well not be the best mea-
sure of a student’s knowledge about 
the material learned in the course. 
However, the department had a prob-
lem with its students’ DWF rate in CS1 
and wanted us to use final grade in the 
course as a proxy for student mastery 
of the material in the course, so this is 
what we did.

In fall 2020, 459 students were en-
rolled on one of the department’s CS1 
courses. Of these 459 students, 202 
students signed up and completed the 
assessment instrument that made up 
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we were in the process of developing 
and administering a predictive test, 
our university’s IRB allowed us to ac-
cess grades from all students in the 
course, not just from students who 
signed the consent form.

After obtaining all students’ final 
letter grade, we converted them into 
a number based on the grading scale: 
A+ = 4.0, A = 4.0, A– = 3.7, B+ = 3.3, …  
F = 0. We counted student withdrawals 
as a 0. Ultimately, we do not know how 
well those students were performing 
when they withdrew. While it is likely 
that the majority of withdrawals are 
from students who are underperform-
ing and want to withdraw before fail-
ing, some withdrawals could be by 
students who withdraw to focus on 
other classes even though they are do-
ing fine in this one, or by students who 
were doing fine but are forced to with-
draw due to significant personal or 
family emergencies. While it could be 
argued that treating a withdrawal as a 
failure is thus unfair, the small num-
ber of withdrawals we saw does not 
affect the overall averages regardless 
how we decided to ultimately treat a 
withdrawal.

We then organized the students 
into two different groups. Group 1 
consisted of students who participat-
ed in our study, and group 2 was stu-
dents who did not participate. Group 
1 had 202 students and group 2 had 
257 students. The mean final grade 
for students who participated was 3.1 

student is a strong programmer. Reich 
also notes that an exam written in Eng-
lish (as ours was) also tests a student’s 
ability to understand English as much 
as the student’s ability to understand 
the content. Furthermore, our instru-
ment was fixed rather than adaptive. 
In other words, all students were given 
the same questions rather than being 
given more difficult problems when 
getting an earlier question correct and 
easier problems when getting an ear-
lier question wrong.

Despite these valid concerns as 
noted by Reich, we were confident that 
our instrument was reasonable. Both 
sub-instruments from which this in-
strument was constructed had worked 
previously when used with a similar 
student audience. Stronger students 
scored higher on the exam while weak-
er students scored lower. There had to 
be something else.

Participation Bias
The one strange piece of information 
we noticed was that a smaller than ex-

pected percentage of the students in 
our study were part of the DWF group. 
This study was voluntary, and so the 
obvious question was whether the stu-
dents who participated were represen-
tative of all the students in the class. 

Student grades in the U.S. are pro-
tected under the Family Educational 
Rights and Privacy Act (FERPA), a fed-
eral law that protects the privacy of 
student education records. However, 
Section 99.31(6)(i) approves of disclos-
ing student data if the “disclosure [of 
students’ grades without consent] is 
to organizations conducting studies 
for, or on behalf of, educational agen-
cies or institutions to: (A) Develop, val-
idate, or administer predictive tests; 
(B) Administer student aid programs; 
or (C) Improve instruction.” Because 

It did not seem to 
matter what students 
scored in the pretest 
at the beginning  
of the semester.  
All students were  
just as likely to pass 
or fail the course.

Mean and median letter grade of students 
who participated and did not participate. 

Mean 
Grade

Median 
Grade

Participated 
(N = 202)

3.1 (B) 3.7 (A–)

Non-Participated  
(N = 257)

2.3 (C+) 3.0 (B)

Grade distribution of students who participated and did not participate.
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were being studied. Medicine has re-
sponded to this “flavor” of participa-
tion bias by setting its gold standard 
of research studies to be those that 
are randomized double-blind placebo 
controlled. Neither the researchers 
nor the participants know whether the 
participants are in the control group 
(those who receive the placebo) or the 
treatment group.

In computing education studies, 
it is difficult to have the two groups 
(treatment and control) truly random-
ized when studying the effect of some 
intervention. Because of outside fac-
tors, it is much more difficult to ran-
domly place students into control 
or treatment sections. And double 
blindness is often impossible to real-
ize when the instructors know which 
section they are teaching. Math educa-
tion has addressed the participation 
bias challenge in observational studies 
through use of propensity score match-
ing.2 And several of the social sciences 
have found other approaches to limit 
the impact of participation bias in 
their research studies.

Despite these limitations with re-
spect to what the medical community 
does, we feel strongly that more can 
and should be done in our computing 
education studies to address and ide-
ally mitigate participation bias. When 
computing education researchers are 
preparing the design of their next stud-
ies, we beseech them to consider the 
question: What’s your placebo?	
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points (approximately a B average) 
and their median final grade was 3.7 
points (approximately an A– average). 
The mean final grade for students who 
did not participate was 2.3 points (C+) 
and their median final grade was 3.0 
points (B). The resulting differences 
were statistically significant. Students 
who volunteered to participate in the 
study earned on average one entire 
letter grade higher than students who 
did not volunteer.

Upon graphing the results (as seen 
in the accompanying figure), the first 
thing that can be seen, on the high 
end, is that there is a significant dif-
ference of students who received an 
A+. Students who participated in the 
study were almost twice as likely to get 
an A+ in the course. On the low end, 
the results are even more striking. 
Students who did not participate were 
5.5 times more likely to withdraw (44 
students vs. 8 students) and 2.7 times 
more likely to fail the course (27 stu-
dents vs. 10 students). The total DFW 
rate for students who did not partici-
pate was 3.3 times greater than those 
who did participate (79 students vs. 
24 students). Students who did not 
participate were also 1.8 times more 
likely to receive a C in the course (18 
students vs. 10 students). Clearly, try-
ing to determine whether our assess-
ment could differentiate between stu-
dents who were ready to take CS1 and 
students who were not ready to take 
CS1 makes little sense when primarily 
testing the students who were ready to 
take CS1.

Implications
We have read about participation bias 
in medical studies, but we were unable 
to find interesting papers about partic-
ipation bias in computing education 
research. At least for our failed study, 
participation bias was a real threat. So, 
what does this mean? Clearly, some 
students were not motivated to par-
ticipate in filling out our surveys. Were 
these students who did not participate 
in our study facing other barriers? Stu-
dents, particularly those who are strug-
gling academically, may be facing a 
variety of obstacles (for example, finan-
cial burdens that cause them to work 
long hours or caregiving responsibili-
ties that mean they have limited time 
or bandwidth for school) which could 

both explain their lower participation 
rates in the survey and their higher 
DWF rate. Because these students did 
not participate, we do not have any data 
to use to investigate why these students 
withdrew or did poorly in the course. 
Will making participation manda-
tory fix the participation bias problem 
we faced, or are some students just as 
likely not to participate regardless? At 
a minimum, we would certainly expect 
more than 44% of students to complete 
our instrument if it were a required 
part of the course.

We posit the problem of partici-
pation bias is broader than our one 
study. We regularly attend talks on 
CS education where the speaker pro-
motes a particular intervention and 
shows it worked with a group of stu-
dents who volunteered to participate 
in the study. At best, the speaker/re-
searcher notes the possibility of par-
ticipation bias as part of a “threats to 
validity” section if participation bias 
is mentioned at all. Likewise, we worry 
about research studies in, say, helping 
to achieve CS for all in primary and 
secondary education. By limiting their 
participants being studied to students 
in their interventions (rather than 
considering the much larger popula-
tion of students choosing not to par-
ticipate in CS), it raises doubts con-
cerning the applicability of lessons 
learned to the non-participants.

Participation Bias in Medicine
The medical community has noted 
that people who are knowingly be-
ing studied behave differently than 
they would were they not aware they 

We feel strongly  
that more can and 
should be done in  
our computing 
education studies  
to address and  
ideally mitigate 
participation bias.




