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EDITORS’ MESSAGEMark Bailey
Hamilton College

Laurie Smith King
College of the Holy Cross

⚫

Welcome to the September 2018 issue of Inroads. This issue overflows with columns, articles, and 
reports covering the broad computing education field!

September always brings us the report on the ACM national (US) survey of non-doctoral-granting 
departments in computing. The ACM-NDC complements the Computing Research Association (CRA) 
Taulbee Survey of doctoral-granting departments in computing. Like the Taulbee, ACM-NDC provides 
data on student enrollment, degree production, faculty demographics, and faculty compensation for 
non-doctoral granting academic departments, with appropriate comparisons to Taulbee survey data. 
ACM-NDC invariably sheds light on national computing education trends across the United States.

A complement to the ACM-NDC is Valerie Barr’s new analysis of demographic data in computing. 
Her article, Different Denominators, Different Results: Reanalyzing CS Degrees by Gender, Race, and 
Ethnicity, brings an interesting new perspective on measuring progress towards full representation 
of these traditionally underrepresented groups. Her thought-provoking article will likely spur many 
office-cooler conversations. 

We want to congratulate Inroads columnist Don Gotterbarn who received a 2018 ACM Presidential 
Award. ACM’s citation reads “in grateful appreciation of 25 years of outstanding service as chief 
architect for ACM’s Code of Professional Ethics, a living document adopted by the computing 
community worldwide as the blueprint for professional conduct in the field.” Bravo Don!

Congratulations to the final Back Page puzzle contest winner, Todd Neller (Gettysburg College), 
for Rook Jumping Maze that appears this month. The solution may be most easily worked by 
performing a manual breadth first search, marking corners of grid squares with the number of 
steps from the upper-leftmost grid square (labeled “0”), and visiting grid squares left-to-right, 
top-to-bottom for each successive depth label, marking unmarked reachable squares with the next 
depth number. The shortest solution is DRLUDLRULLRDU (i.e., down, right, left, up, down, etc.). We 
also wish to congratulate our other winners: Zack Butler (Rochester Institute of Technology) for 
his Programming Languages Puzzle that appeared in March, and Marie desJardins (University of 
Maryland, Baltimore County) and Michael Littman (Brown University) for their Evolutionary Huffman 
Encoding Puzzle that appeared in June.

We say “goodbye and many thanks” to Michal Armoni of the Weizmann Institute of Science who 
is stepping down as an Inroads Associate Editor. A tremendous asset to us, Michal brought high 
standards, good judgment, and solid advice to our editorial staff. Thank you for your service, Michal, 
and for your dedication to Inroads over the years. 

We are excited to announce that Jan Vahrenhold, Professor of Computer Science at the 
Westfälische Wilhelms-Universität Münster, Germany, has agreed to join Inroads as an Associate 
Editor. Jan’s research interests include Efficient Algorithms, Algorithm Engineering, and Computing 
Education Research. He has co-chaired several international conferences in these areas and acts as 
co-Editor-in-Chief of Computer Science Education, and Associate Editor of Journal of Computational 
Geometry. In his spare time, Jan enjoys photography, judo, and puns. In the spirit of bad puns, this 
is clearly the Jan of a new day, with whom we can boldly go where no Jan has gone before. In all 
seriousness, we welcome Jan and the many years of experience he brings to Inroads!  

Mark Bailey and Laurie Smith King
Editors-in-Chief

DOI: 10.1145/3239252          Copyright held by authors.



ACM and the Special Interest Group on Computer Science Education (SIGCSE) seek 
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News from the SIGs

NEWS

by Ellen Walker
Hiram College

In this issue of News from the SIGs, we present 
a discussion of issues surrounding gender from 
SIGCSE board chair Amber Settle.  

From our SIGCSE reporter and 
SIGCSE chair, Amber Settle.

In the past 18 months, issues sur-
rounding gender have come to a 
head in the public sphere in many 
countries. Harassment, pay inequality, 
discrimination, and a host of other 
long-standing problems have jumped 
into the headlines, and the reactions 
have felt more measured and serious 
than in the past. The Association for 
Computing Machinery (ACM) and its 
Special Interest Groups (SIGs) are no 
exception to this. Of course, gender 
is simply one aspect of diversity and 
inclusion, and I suspect that there are 
many other dimensions along which 
SIGCSE could potentially improve. 
But for the sake of this article, I will 
concentrate on gender. 

In July 2017, ACM rolled out a new 
discrimination policy for its events, 
and in September 2017 SIGARCH (the 
SIG for computer architecture) began 
a public process of examining ha-
rassment and discrimination in their 
community. I encourage you to read 
the blog posts that resulted from the 
SIGARCH efforts [1,2]. The informa-
tion out of the SIGARCH community 
has prompted other SIGs and ACM to 
consider how widespread harassment 
and discrimination may be in our 

communities. One of the first steps 
that many SIG leaders are taking is to 
understand how their communities 
fare when it comes to female repre-
sentation among SIG leadership, con-
ference leadership, and conference 
and journal publications. Starting to 
answer these questions for SIGCSE 
inspired this article.

To begin with SIGCSE has one of 
the highest percentages of female 
membership among all the SIGs, with 
25.29%. Only SIGDOC (38.89%), SIG-
ACCESS (37.82%), SIGUCCS (34.82%), 
and SIGCAS (26.65%) have a larger 
percentage of female members. That 
said, SIGCSE can certainly do better. 
Attendance at the 2018 SIGCSE Tech-
nical Symposium was 42% female, so 
there is clearly room for improvement 
in our membership numbers.

In some areas SIGCSE truly excels 
in terms of female representation. 
Between 1997 and the present, 65% 
of the SIGCSE Board has been female. 
I should note, however, that this is 
skewed by the past two SIGCSE 
Boards. The 2013-2016 and 2016-2019 
Boards have had only one man each, 
giving 88% female representation. (I 
feel the need to note that the slates 
for both elections were gender 
balanced). However, even excluding 
those Boards, female SIGCSE Board 
representation since 1997 is at 58%. 
The SIGCSE membership has consis-
tently demonstrated a willingness to 
elect female candidates. 

Also encouraging is the female 

representation among SIGCSE Tech-
nical Symposium chairs. Between 
1997 and 2020 (the last year for 
which chairs have been chosen), 49% 
of the Symposium chairs have been 
female. This is no accident, however. 
At least since 2010, and likely much 
longer, SIGCSE Boards have encour-
aged nominations of one man and 
one woman to co-chair the confer-
ence. A view of the records shows 
that even when one person chaired 
the conference, the gender of the 
chairs mostly alternated.

However, the other two SIGCSE 
conferences also commonly have 
female leadership. Since 1996 (when 
it was founded) the Innovation in 

The information 
out of the 
SIGARCH 

community has 
prompted other 
SIGs and ACM  

to consider how 
widespread 

harassment and 
discrimination 
may be in our 
communities.
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One area that I have not explored 
due to time constraints is female 
representation among Symposium, 
ITiCSE, and ICER conference and 
program committees. Another 
unanswered question, in part be-
cause I have no idea how it would 
be done retroactively and at scale, 
is what the female representation 
among SIGCSE conference authors 
is. ACM has begun to put processes 
in place to gather this data for all of 
its SIGs, but information gathering 
also places authors’ privacy at risk 
which is a serious concern. Addi-
tionally, it would not be appropriate 
to address this issue in a way that 
compromises existing blind review 
processes.

Before we can begin to improve 
the diversity and inclusion in our 
community we need to understand 
where we currently stand, and in a 
manner that does not risk privacy or 
other important rights that members 
of our community expect. I have more 
questions than answers on how we 
can get there, and I hope that if you 
have ideas you’ll share them with me.  

Technology Education (ITiCSE) Con-
ference chairs have been 37% female. 
And since 2005 (when it was found-
ed) the International Computing 
Education (ICER) Workshop chairs 
have been 28% female. The models 
for these conferences are different 
than the Symposium, and leaders are 
chosen in part due to geographical 
constraints. In any case, SIGCSE fe-
male conference leadership exceeds 
current female SIGCSE membership.

The prominence of women in 
service roles for SIGCSE has also pro-
duced high numbers for the SIGCSE 
service award. Since 1997 when it was 
created, there have been seven (out 
23) female winners for the Lifetime 
Service to the Computer Science 
Education Community Award, which 
is 30% of the total. Less encourag-
ing is the 17% female representation 
among the winners of the Outstand-
ing Contribution to Computer Science 
Education Award. That percentage 
holds both for the entire existence 
of the award (since 1981) as well as 
since1997 for comparison to the 30% 
for Lifetime Service Award.

SIGCSE Board from left: Susan Rodger, Mark Allen Weiss, Adrienne Decker, Briana B. Morrison, Judy Sheard, Sue C. Fitzgerald,  
Leo Porter (SIGCSE Bulletin), Michelle Craig, and Amber Settle. 
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Recognizing Excellence in 
Programming Competitions

by Jeffrey L. Popyack, Drexel University

Upsilon Pi Epsilon News

Greetings!
This spring featured UPE’s National 
Convention and the ACM Internation-
al Collegiate Programming Contest, 
bringing the celebration of academic 
excellence into sharp focus. Below, we 
provide some of the highlights, and 
take the time to interview a coach 
from a team that has shown a high 
degree of excellence and consistency 
over multiple decades.

What is Upsilon Pi Epsilon?
The Upsilon Pi Epsilon Association 
(UPE) was founded at Texas A&M 
University in 1967 for students and 
faculty who exhibit superior scholas-
tic and professional achievement in 
the computing curriculum. Its mission 
is to recognize academic excellence 
at both the undergraduate and 
graduate levels in the computing and 
information disciplines. It remains 
the only National Honor Society 
for the computing and information 
disciplines and is recognized as such 
by the Association for Computing 
Machinery (ACM) and IEEE Comput-
er Society. More than 290 chapters 
have been chartered at colleges and 
universities in the US and abroad. 
UPE was the founder of the ACM 
Programming Contest in 1977, and 
has been a continuous sponsor, of 
what has since become the ICPC. An 
E-Book [1] commemorating UPE’s 
first 50 years details its rich history. 

If you’re interested in chartering a 
chapter at your institution, the begin-

ning of a new academic year is a great 
time to get started. Perhaps yours will 
be Chapter #300. The UPE website 
provides abundant information for 
prospective chapters [9], and you are 
welcome and encouraged to contact 
me or any members of the Executive 
Council if you are interested.

UPE National Convention
The 2018 UPE Convention was held 
on April 4, hosted in cyberspace for 
the sixth consecutive year by Nova 
Southeastern University in Fort 
Lauderdale, Florida. This year saw 44 
attendees representing 33 member 
institutions, as participation has 
steadily increased since the move 
to electronic meetings. A group of 
students from nearby Florida Interna-
tional University attended in person.

CHAPTER ACTIVITY REPORTS: 
The most enjoyable part of the meet-
ing was again the chapter activity 
reports, with 14 reports submitted, 
and representatives of 12 chapters 
making 3-minute presentations at the 
convention (a few of which exceeded 
the time constraints). Ahem. Based 
on their reports and presentations, 
two chapters (UCLA and Florida 
International) were judged by the 
Executive Council as recipients of 
the Student Chapter Awards. Each 
received $500 from UPE. All other 
presenters received $250. 

A request from Executive Council 
for each chapter to have a banner in 
view with their school name made it 
easier to identify the talking heads, 
particularly with the growing number 
of attendees. 

This April witnessed the 42nd Annual 
World Finals of the ACM International 
Collegiate Programming Contest (ICPC). 

This year’s competition was hosted  
by Peking University  

and the Children & Youth Science 
Center in Beijing, China. The contest 

was won by Moscow State University, 
the only team to solve nine of  

the eleven problems.
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ACM International 
Collegiate Programming 
Contest (ICPC)
This April also witnessed the 42nd 
Annual World Finals of the ACM Inter-
national Collegiate Programming Con-
test (ICPC). This year’s competition 
was hosted by Peking University and 
the Children & Youth Science Center 
in Beijing, China. The contest was won 
by Moscow State University, the only 
team to solve nine of the eleven prob-
lems. The other two problems weren’t 
solved at all, and in fact were only 
attempted a total of five times among 
the 140 teams competing. 

At the time the scoreboard was 
shut down at the 4-hour mark, Mos-
cow Institute of Physics & Technology 
was in the lead with seven problems 
solved. Moscow State and Peking 
University were the only other teams 
with seven solutions at that point but 
trailed in terms of overall submission 
time. Additionally, there were 13 
teams with six solutions, portending a 
highly contested finish. Moscow State 
solved two problems in the final hour 
to secure the win, submitting their 
final solution at the 4:56 mark in the 
5-hour contest. 

This marks the 7th consecutive 
year the contest has been won by a 
team from Russia. In fact, in the 19 
contests since 2000, the champions 
have either been from Russia (13 
times), China (four times), or Poland 
(two times).

Upsilon Pi Epsilon continued its 
support of the contest with “First 
Solver Awards,” for the teams that are 
the first to solve each of the contest’s 
problems. The winners of these are 
noted on the table above.

Copies of the problem set, and 
the judges’ data can be found at [3]. 
The University of Valladolid’s Online 
Judge [10] has provided automated 
judging for all World Finals problems 

since 1990, plus thousands of other 
problems. We note with sadness, 
however the passing of the site’s 
founder Miguel Rivella shortly before 
the World Finals, and at this writ-
ing, the 2018 problem set has not 
appeared. 

If you want to see how the experts 
solve these problems, the commen-
tary from the judges [2] is invaluable 
reading, very informative and inter-
esting. For instance, it contains such 
details as the shortest submission (in 
number of bytes), both for contes-

tants and the judges themselves, 
which gives a rough idea of solution 
magnitude, noting that neither judge 
nor contestant is particularly trying 
to optimize code length. Here was an 
unexpected find regarding Problem A 
(Catch the Plane), for which the short-
est judge solution was 1480 bytes, 
but the shortest submitted solution 
was 811 bytes. “The judges (and Per 
and Onufry in particular) were divided 
on how difficult this problem is. The 
contestants decided that it is one of 
the easier problems in the set.”

Figure 1: World Champions

Problem Team Time*

F Go with the Flow St. Petersburg ITMO University 13

B Comma Sprinkler Seoul National University 16

K Wireless is the New Fiber University of New South Wales 16

A Catch the Plane Vilnius University 25

H Single Cut of Failure Moscow State University 41

I Triangles Sharif University of Technology - CrockPot 64

G Panda Preserve Moscow State University 140

D Gem Island Peking University 203

E Getting a Jump on Crime Moscow Institute of Physics & Technology 229

C Conquer The World Not solved

J Uncrossed Knight’s Tour Not solved

* Time in minutes at which solution was submitted, from beginning of contest.

http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=9&exitLink=http%3A%2F%2Finroads.acm.org
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Coaching a Programming 
Team
On the other side of the pond, we 
caught up with Dr. Ali Orooji, who 
has been coach of the University of 
Central Florida’s programming team 
[8] since 1989, and whom I have 
known as a colleague on UPE’s Exec-
utive Council. This year, UCF finished 
10th overall at the ICPC, earning 
the distinction as North American 
Champions. UCF is in the Southeast 
USA Region, which includes Florida, 
Georgia, South Carolina, Alabama 
and Mississippi. These days, typical 
regional competitions feature more 
than 100 teams and 40 schools.

As a true model of consistency, 
UCF has always finished in the top 
three in the region, since its first team 
in 1982. In fact, in 36 regionals, they 
have finished first 20 times, second 
10 times, and third six times, with a 
higher success rate over the last 25 
years than in the early days. Perhaps 
even more impressive, however is 
that this only accounts for their top 
team each year: they have captured 
the top two spots six times, including 
three times with the top three, and 
once with the top four. WHEW!

We also dug through the re-

cords from the ICPC “modern era,” 
1998-present, which are available at 
the ICPC website [4], and discovered 
that during these 21 years, the follow-
ing North American teams advanced 
to the World Finals the most times:

As for coaches, Orooji stands at 
the top with 18 visits to the World 
Finals in that period, adding to 
another eight in the earlier years. 
He’s followed closely by Dieter van 
Melkebeek, Coach of the University of 
Wisconsin-Madison, with 17 trips to 
the Finals.

If you have ever coached a 
programming team, you know that 
performance can vary widely accord-
ing to team makeup, and the skill set 

needed of a top contestant does not 
always correlate with academic per-
formance. Assembling and training 
a championship team requires a lot 
more than finding the three students 
with the highest grades in your algo-
rithms class every fall. And like their 
counterparts in big-time collegiate 
athletics, for which top 25 rankings 
provide an omnipresent measur-
ing stick, even dynasties have their 
ups and downs over the course of 
decades. Thus, it is most remarkable 
to see one team, and, specifically, one 
coach, demonstrate such reliability 
over such a sustained period.

If you’re looking for some advice 
for your own programming teams, 
there have been some good articles 
and presentations over the years, 
e.g. [5,6,7], that discuss strategies. 
We thought it would be interesting 
to check in with Prof. Orooji to find 
out what sort of special activities 
UCF engages in that might help them 
maintain their edge. They do have 
tryouts every fall, but the contestants 
are likely to have been practicing for 
a few years. Here are a few specific 
questions and answers:

Q: Do your teams practice all year 
around, or just until the regionals?
A: We practice in fall and spring. 
In summer, since most students are 
gone for internships, we try to set up 
some website with problems for them 
to work on.

Q: Do your teams self-select, or do 
you put them together somehow?
A: I have several former team mem-
bers who work with me in training the 
teams; we call them co-coaches. After 
the local contest in fall, the coaches 
and I form teams.

Q: Do you practice as teams, as 
individuals, or both?Figure 2: UCF award

University of Waterloo 20

Massachusetts Institute of 
Technology

19

Carnegie Mellon University 18

University of Central Florida 18

University of Wisconsin - Madison 18

Duke University 15

Stanford University 15

Virginia Tech 15

The University of Texas at Austin 14

University of Alberta 14
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A: We now have “varsity” team 
members and “junior varsity” team 
members. Varsity practices in teams. 
Junior varsity practices as individuals 
until we know them better and then 
we form teams and they practice in 
teams.

Q: Do you have them do anything 
“unusual” to prepare for the contest 
environment, like working their code 
out entirely with paper and pencil?
A: Since a team of three gets only 
one computer in the contest, they 
must do work on paper. In our Satur-
day practices, the coaches keep eyes 
on the teams to be sure the two team 
members off the terminal are writing 
code (pseudo code) on paper and are 
ready to type in their programs once 
the person on the terminal gets off.

Q: We have found it very challenging 
in recent years to find students who 
have the time to practice. How have 
you adjusted to this?
A: Programming Contest at UCF 
is like Football at Univ. of Alabama! 
We always have enough dedicated 
students to continue the tradition.

And he may not be exaggerating. 
In the end, the factor that sticks out 
most plainly is the dedication UCF 
students have shown. With all the 
demands and distractions com-
peting for a college student’s time 
these days, it is rare to find even a 
handful willing to devote so much 
time and effort to an extracurricular 
activity. This is truly a reflection of 
the dedication of their coach and 
co-coaches. To wit: in 2017-18, there 
were six co-coaches listed, and there 
were seven teams that competed in 
the regional. And believe it or not, 
all seven teams finished in the top 
nine, in a field of 115 teams from 39 
institutions.

Is that inspirational, or what? I feel 
like practicing myself right now, but 
I’m exhausted.  

Cheers,
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EngageCSEdu  
Expands to High School
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When the National Center 
for Women & Information 
joined with Google to de-

sign EngageCSEdu our vision was to 
broaden participation in computing 
by positively influencing the curric-
ulum and pedagogy of introductory 
computer science college courses 
across the nation. We sought to 
create a highly usable platform for 
faculty to share their most engaging 
student-facing materials and best 
practices for implementing them. 
Not surprisingly, our target users 
were instructors of college-level 
introductory computer science 
courses [1,3].

A year after our fall 2014 launch 
we took a close look at our reg-
istered users. We were surprised 
to find that about 20% were K-12 
teachers. So, we began to talk with 
high school teachers and discovered 
a real need for and interest in the 
collection. We also saw an oppor-
tunity to facilitate sharing among 
college faculty and high school 
teachers to capitalize on each 
group’s skill sets.

With additional funding from 
Google, we are expanding the 
collection explicitly to high school 
and are accepting materials from 
high school teachers. The materials 
must align with at least one CSTA 
standard at level 3A or 3B and 
are subject to the same peer-re-
view process as the college-level 
materials.

New High School Materials
We are pleased to announce that 
this spring we published our first 
materials developed by high school 
teachers. In addition, the 2018 
Engagement Excellence committee 
recently recommended that the 
submissions of both teachers be ele-
vated to the Engagement Excellence 
sub-collection. Here’s an overview of 
the assignments.

“CS1 – Twitter” by Ria Galanos, 
Thomas Jefferson High School for 
Science and Technology

In the lab, students 
learn how to connect 
their Java programs 
to a real-time data 
stream using a freely 
available API. Students 
apply what they’ve 
learned about string 

manipulation, sorting, ArrayLists, 
and finding the maximum value in 
a collection of items to determine 
a Twitter user’s most common and 
non-commonly tweeted word. This 
lab makes use of the NCWIT En-
gagement Practices (EPs), “Student 
Choice” and “Relevant and Meaning-
ful Content.” [2]

“Dynamic Word Clouds” by Scott 
Portnoff, Downtown Magnets High 
School, LAUSD

In the project, stu-
dents write programs 
that draw text objects 
in a word cloud of 
their own design. It 
uses the programming 
language, Process-
ing, a simplified form 

of Java [6]. Students learn how to 
isolate transformation operations 

Figure 1:  
Ria Galanos

Figure 2:  
Scott Portnoff

http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=12&exitLink=http%3A%2F%2FWWW.ISTOCKPHOTO.COM%2FBUBAONE
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from having side-effects on subse-
quently drawn words and to derive 
and implement the mathematics 
involved in animating the word cloud. 
The Word Cloud program intertwines 
these new concepts with previously 
learned concepts such as variables, 
conditional statements, Boolean 
expressions, arrays, classes, iteration 
and movement. This project uses 
the EPs “Student Choice” and “Make 
Interdisciplinary Connections.” [4]

Getting to Know Ria  
and Scott
Both Ria and Scott teach AP Com-
puter Science A and more advanced 
courses encompassing data struc-

tures and some specialized topics. 
Ria teaches at Thomas Jefferson High 
School for Science and Technology, 
an admissions-based school that pulls 
high achieving students interested 
in STEM from six school districts in 
Northern Virginia. Scott teaches at 
the Downtown Magnets High School, 
a small, high-performing magnet 
school in Los Angeles Unified School 
District. 

To introduce readers to Ria and 
Scott, I asked them to briefly reflect 
on teaching high school computer 
science.

WHAT DO YOU LOVE ABOUT 
TEACHING CS?
Scott: I love the wide-open creativity. 
I can write (and rewrite and re-adapt) 
engaging cross-curricular projects 
and try out innovative pedagogical 
strategies with the goal of success-
fully delivering that instruction to as 
many of my students as possible, not 
just the traditional demographic of 
“high-fliers.”

Ria: I love to empower students to 
take control of the technology they 
use every day. It’s super important 
that students understand from the 
very beginning that they have the 
ability to write code to make “things” 

do what they can dream up. There 
is nothing wrong with the trivial ex-
amples and exercises in introductory 
textbooks, but if that’s all I gave to my 
students, then they wouldn’t believe 
that they have the ability to write 
meaningful code.

HOW DOES YOUR WORK SUPPORT 
BROADENING PARTICIPATION IN 
COMPUTING?
Scott: My incoming freshmen classes 
are typically a third female. Engage-
ment is a critical piece, but only 
half the story. The most engaging 
curriculum will fail to retain students 
if they don’t also experience self-effi-
cacy—confidence that they are mak-
ing progress in their ability to both 
understand and write programs on 
their own. I’ve been exploring ways 
to adapt the goals and principles of 
foreign language instruction to the 
programming language classroom. 
In a foreign language class, you 
don’t throw sophisticated language 
constructions at students in the first 
semester. In parallel fashion, I have 
been working on finding simple 
grammatical patterns that can be 
used in all programming environ-
ments that will allow students to 
construct sophisticated working 
programs.

I can write  
(and rewrite and  

re-adapt) engaging 
cross-curricular 
projects and try 
out innovative 

pedagogical 
strategies with  

the goal of 
successfully 

delivering that 
instruction to as 

many of my 
students as 

possible, not just 
the traditional 
demographic of 
“high-fliers.”

Figure 3: Word Cloud project (still shot), Aris Rodriguez, students at Downtown 
Magnets High School

http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=13&exitLink=http%3A%2F%2Finroads.acm.org
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For further 
information or 
to submit your 

manuscript,  
visit jocch.acm.org

ACM JOCCH 

publishes papers 

of significant and 

lasting value in all 

areas relating to 

the use of ICT in 

support of Cultural 

Heritage, seeking to 

combine the best of 

computing science 

with real attention 

to any aspect of the 

cultural heritage 

sector.

ACM Journal on 

Computing and
Cultural Heritage

Ria: I believe the secret is giving 
the students engaging assignments 
that they can talk about with family 
and friends. If students are excited 
about the work they are doing, they 
will stay. At my school, comput-
er science is a required freshman 
course, so the representation of girls 
matches that of the school. But the 
number of girls in our upper level 
courses has soared along with the 
total number of students taking 
those classes. We also hold a yearly 
high school hackathon and this past 
year, over 550 students attended! I 
attribute all of that to the real-world 
assignments we are giving our 
students.

WHAT WOULD YOU TELL OTHER 
HIGH SCHOOL TEACHERS ABOUT 
EngageCSEdu?
Scott: I think that secondary pro-
gramming teachers can make a 
unique contribution to this collection, 
and to CS education in general. Be-
cause we are working with students 
every day, high school teachers are 
ideally positioned to observe the 
patterns of errors that students make 
as they learn to write programs. Re-
flecting about such errors can inform 
both our instruction and our models 
of how students learn the subject.

Ria: There is no reason to create ev-
ery assignment on your own. While 
it is absolutely fun to create engag-
ing opportunities for my students, 
I love learning from my colleagues, 
and am inspired by their creativity 
and passion for the subject. If we all 
share with one another, imagine how 
rich the EngageCSEdu collection 
could be!

Submit Your Materials  
to EngageCSEdu
We are looking for creative, engaging 
student-facing high school assign-
ments that meet CSTA standards 3A 
and 3B. Log in and go to Contribute 
Materials [1]. You’ll be asked to write 
a synopsis and to provide some 
metadata. You then upload your ma-
terials directly to the site. A content 
manager does an initial review, and 
if your materials are appropriate for 
the collection, they’ll be sent out for 
review. The whole process works very 
similarly to a peer-review journal.  
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I believe the secret is giving the 
students engaging assignments that they  
can talk about with family and friends.  

If students are excited about the  
work they are doing, they will stay.
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OPINION

I 
am looking forward to preparing again 
for our core course on computer or-
ganization and architecture. There are 

many ways to approach this topic, but I 
have enjoyed starting with what might 
be classified as “extreme applied discrete 
mathematics.” This would include Boolean 
representations and logic gates, circuits 
both combinational and sequential, as well 
as the reasoning techniques to abstract, 
simplify, and implement a few finite state 
machines, and eventually a basic single-cy-
cle processor chip (all in simulation, though 
we dream of FPGAs).

I realize there are many programming 
languages for logic design, such as VHDL 
and Verilog. Still, I like that students 
“see” as much as possible the hardware, 
incrementally and persistently designing, 
abstracting and implementing lower level 
logic. I want students to “feel” the algo-
rithms involved in these hardware designs, 
that once again there are choices to be 
made, trade-offs to appreciate (and quan-
tify as much as possible), and granularity 
discussions to resolve.

Yes, we connect truth tables to Boolean 
expressions to circuit logic. There is a de-
gree of mathematical reasoning involved. 
But I wonder if I can use more standard 
programming to encourage students to 
better make the connections between the 
topics in the discrete mathematics course 
and the ideas we will explore in comput-
er organization. I genuinely believe this 
approach is more scalable (i.e., useful for 
current and future trends in architecture) 
for the foreseeable future of the students.

Presently, I work with a few program-
ming language experts, and each has 

extolled the virtues of Haskell to some 
degree. There are materials that connect 
Haskell with logic and mathematics already 
[1,2,7]. I have yet to write more than a few 
lines of code, but from what I have seen 
it does resemble the way equations can 
be expressed in a discrete mathematics 
course, apparently as much as Scheme (in 
my humble, limited opinion for now).

I also understand that Haskell is 
typically introduced in the programming 
language course as a lazy functional 
alternative with other features. I am not 
planning to utilize most of these features. 
What I am hoping is that it might provide a 
better way to connect discrete mathemat-
ics to computer architecture.

So why Haskell? I discovered motiva-
tions in [5], and I will now quote a few of 
those that appear relevant to my mission.

“Haskell allows you to compute directly 
with the fundamental objects of discrete 
mathematics.” I hope this is “spot on,” con-
sidering that my goal is to connect discrete 
mathematics with logic and reasoning in 
computer organization.

“It is a powerful language, allowing pro-
grams that would be long and complicated 

in other languages to be expressed simply 
and concisely.” Brevity is always a plus, as 
long as it is expressive enough for students 
to recall and reason about.

“You can reason mathematically about 
Haskell programs in the same way you do 
in elementary algebra.” I hope this is true 
as I hope for the students to connect this 
reasoning to the behavior of the compo-
nents of an architecture.

So, I tried the online browser-based 
Haskell environment at [6], then another 
tutorial, and then some examples. I looked 
at many course sites for both discrete 
mathematics and for computer architec-
ture. Then I ran out of time for this article, 
and thus for my experiment into using 
Haskell with my computer architecture 
course; at least, for now. I know I can al-
ways turn to more standard hardware de-
scription languages, and that may happen 
(we have used register transfer language 
in past offerings). But in my liberal arts 
way of thinking, I hear a calling for an 
answer at a higher level, and I am hoping 
for something more abstract to encourage 
my students to see how these concepts 
connect among courses.

I wonder if I can use more standard 
programming to encourage  

students to better make the connections 
between the topics in the discrete 

mathematics course and the ideas we will 
explore in computer organization.  
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14 I did run some questions by my 
programming language colleagues. One 
advocate suggested I also consider Coq, 
a formal proof assistant used by chip de-
velopers. And there is a slim chance I may 
teach discrete math instead; we are trying 
to hire (like so many of you as well), and 
I need to provide some flexibility for the 
Department. Stay tuned.

Changing gears (and as a follow up to 
a previous Math Counts column [3]), the 
Commonwealth Supreme Court of my 

home state of Pennsylvania ruled that the 
gerrymandered map was unconstitutional 
[8]. Furthermore, my Governor called on 
the expertise of Professor Moon Duchin of 
Tufts to guide this process of generating 
a new districting map for the Common-
wealth [4]. I doubt all will be repaired, but 
I will vote in a district with boundaries that 
better satisfy both the law and the math, 
and that feels just and correct.

The author acknowledges the helpful 
comments from anonymous reviewers.  
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In my liberal arts way of thinking, 
 I hear a calling for an answer  

at a higher level, and I am hoping  
for something more abstract to encourage 

my students to see how these  
concepts connect among courses.
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OPINION

T
he current column involves abstrac-
tion. The new challenge requires 
abstraction in the form of extracting 

selected characteristics of a given operator. 
The previous challenge involves an elegant 
algorithmic analysis with abstraction in 
the form of an “elevated” viewpoint of the 
given task. 

New Challenge
REVERSING
The operator Reverse reverses a speci-
fied substring in a given string. For exam-
ple, the application of Reverse on the 
last three characters of the string AABBBA 
yields AABABB. Given the Reverse opera-
tor, and a string of 2N characters, of which 
N are A’s and N are B’s, compute efficiently 
the following:
1.  the minimal number of Reverse invo-

cations that will yield all the A’s to the 
left of all the B’s; and

2.  the minimal number of Reverse in-
vocations that will yield the alternating 
string ABABAB … AB.

Previous Challenge
MOLECULE COLLISIONS
N molecules are spread linearly in a tube. 
Each molecule is moving in the same ve-
locity, of v centimeters per second, either 
left or right. When a molecule hits the left-
end or the right-end of the tube, or hits 
another molecule moving in the opposite 
direction, its moving direction is switched, 
and it moves in the opposite direction at 
the same speed. Given the initial location 
and the moving direction of each molecule, 
as well as v and the length of the tube, 
answer the following two questions: 

1.  how many molecules will be at distance 
d centimeters or less from the left-end 
after t seconds; and 

2.  what will be the exact location of the 
originally 5-th molecule from the left, 
after t seconds? 

SOLUTION
The task and its solution are extended 
variants of one we presented in [1]. At 
first glance, one may tend to examine the 
movements of the explicit molecules and 
their collisions. Yet, this involves cumber-
some computations with which it may be 
difficult to progress. One may do much 
better with an alternative point of view, in 
which some details are ignored.

Since the molecules are identical, and 
their velocities are the same, we may 
regard each molecule as anonymous 
and overlook the molecule collisions. An 
“anonymity” viewpoint enables us to view 
a collision between two molecules as 
resulting in continuous movements of the 
two identical molecules, each in its origi-
nal direction, as if there were no collision. 
The collision may be disregarded. This 
point of view considerably simplifies the 
view of the task, and encapsulates a view 
of the collection of elements as a whole, 
rather than an arrangement of unique 
concrete ones.

We may further extend this train of 
thought to disregard collisions with the 
right end and the left end of the tube. 
We may momentarily regard the tube as 
having no left-end and no right-end, and 

extend the tube with a sequence of its 
reflected copies in each direction. This will 
allow us to view each molecule as moving 
steadily in its original direction for t sec-
onds. Once we obtain the location of each 
molecule in the sequence of reflected 

copies, we may transform these locations 
into locations in the actual tube, and find 
those molecules that are at distance d 
centimeters or less from the left-end. This 
answers the first question.

Both views—of the whole, rather than 
specific molecules, and of an artificially 
extended tube rather than the original 
tube—are views that: 1. provide a high-
er-level perspective; 2. do not focus on 
concrete movements; and 3. reduce 
complexity of the concept of thought 
(by avoiding “distracting” details). They 
offer an effective, elegant, abstract way of 
looking at the task.

The second question asks about a spe-
cific concrete element. A natural tendency 
may be to examine the concrete move-
ment of the 5-th molecule, plus additional 
ones. However, this approach yields a 
cumbersome computation. The suitable 
approach involves abstraction again, with 
additional considerations. We may calcu-
late the final location of each anonymous 
molecule, and then sort these locations. 
Then, we may notice that each molecule 
remains in its relative position; that is, the 
first-from-left remains the first-from-left, 
the second-from-left remains the second-
from-left, and so on. So the location of the 
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COMPUTING IN SCHOOLS

OPINION
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is becoming in-
creasingly more 
prevalent, starting 
in several coun-
tries as early as 
elementary school. 
In 2015, a report 
surveying the 
current situation 
in 21 European countries [9] found that 
in 14 of these countries, coding (the term 
used in the original report) was already or 
about to be introduced in K-9 education, 
and in eight countries it was already or 
about to be introduced in K-6 education. In 
some countries, such as the UK [4], Russia 
[13], and Australia [10], a K-6 computing 
curriculum has already been implemented; 
in others, such as New Zealand [7], France 
[2], and Poland [20], it is just about to 
be implemented. The guidelines of these 
curricula combine some notions of prob-
lem solving and algorithmic thinking with 
some basic programming. In some places, 
such as Bavaria [12] or Solothurn canton in 
Switzerland [14], a K-6 computing curricu-
lum is currently in various phases of being 
developed. Italy [5] is using a ready-made 
curriculum offered by code.org. 

Teachers are the cornerstone of any 
curricular initiative. One cannot expect 
students to achieve meaningful learning if 
their teachers lack some relevant content 
knowledge (CK) or pedagogical content 
knowledge (PCK) [16]. In other words, 
without well-trained teachers, the imple-
mentation of even the best curricula is 

bound to achieve limited results, at best. 
However, when it comes to K-6 education, 
the situation is even more complex, since 
most primary school teachers are gener-
alists, who teach all or many subjects to 
a specific class. Computer science (CS) is 
not their primary focus or forte, and not 
many of them, if at all, can be expected to 
have undergone any CS training. Appar-
ently, often teachers lack even the most 
basic conceptual knowledge, such as the 
meaning of an algorithm [11]. In addition, 
being generalists, teaching a new subject 
such as computing increases the teachers’ 
workload.

Therefore, good, effective training is 
of great importance, as acknowledged by 
many, and indeed some countries (such as 
the UK [15] and New Zealand [3]) are al-
ready working toward appropriate training 
programs for K-6 teachers of computing, 
and they are currently at different stages 
of development. Appropriate teacher 
training should provide two things—proper 
preparation and certification for pre-ser-
vice teachers, and appropriate professional 
development (PD) for in-service teachers. 

Pre-service teacher preparation is 

Training Teachers for  
K–6 Computing Education

originally 5-th molecule from the left is 
the 5-th location of the sorted locations. 

All in all, the key for solving both ques-
tions was an abstract perspective, which 
involved a “higher” point of view and 
elimination of “distracting” details. The 
abstraction involved the notions of “as 
if” and “don’t care”—”as if” in the sense 
of turning to anonymity in looking at a 
molecule as moving steadily in the same 
direction, and “don’t care” in the sense of 
ignoring concrete details which could be 
overlooked.

Abstraction is one of the most funda-
mental means in computational thinking. 
It appears with the notion of Abstract 
Data Types, in which the point of view is 
“elevated” to extracted data characteris-
tics. It also appears in a variety of algo-
rithmic designs and proofs, which involve 
solutions that are based on reductions 
into modified or new representations. The 
solution presented here offers an elegant 
illustration of an “elevation” of the point 
of view and a reduction into a simplifying 
“as-if”/”don’t-care” representation.  
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necessary in the long run, since this is the 
only way to have certified teachers with 
a full-fledged and deep-enough disci-
plinary knowledge. However, usually a new 
curriculum undergoes an initial phase of 
assimilation (at least one year and usually 
more than that) into the K-12 system be-
fore pre-service preparation programs are 
developed and launched (though there 
may be some exceptions, such as in Russia, 
where computer science has been taught 
at the K-12 levels, starting from the first 
grades of elementary school, for over 30 
years, and a comprehensive pre-service 
4–5-year teacher preparation program was 
implemented since the subject was first 
introduced in the school curriculum, see 
[13]). In addition, it also takes a few years 
before graduates of these programs are 
integrated into the school system. 

Therefore, the first phases of imple-
menting a new curriculum rely on PD 
programs for in-service teachers. Thus, 
teacher training is one of the great chal-
lenges for implementing K-6 computing 
curricula, as evident from reports from 
several countries [e.g., 3,15]. The challenge 
is present at the very beginning—imple-
menting a new program without trained 
teachers and implementing teacher train-
ing nearly in parallel. Once this challenge 
is achieved, after the first few years, things 
become simpler. One can see the situation 
in many countries as a kind of boot-
strapping. In this situation, time is of the 
essence; therefore, often such PD courses 
consist of a few dozen of hours, hardly 
enough to provide teachers with the re-
quired CK and PCK to adequately prepare 
them for “classroom realities.” 

How should such short training be 
planned? In what follows I describe my 
own views and recommendations, based 
on my experience with K-12 computing 
education, as a researcher, curricular devel-
oper, an author of several textbooks, and 
an educator for pre-service and in-services 
teachers. 

The short duration necessitates a careful 
planning of priorities. Even a training course 
consisting of only a few dozen of hours 
should demonstrate the nature of the dis-
cipline, as we would like it to be conveyed 
to elementary-school students. Often, 
such short training focuses on learning 

the basics of programming in the specific 
language that will be used (usually these 
are block-based languages, such as Alice or 
Scratch). Even given all the constraints and 
difficulties, is this the best choice? Teaching 
only the basics of programming in some 
programming language has the potential 
result of teachers having only a narrow 
perspective of the nature of computing and 
a narrow content knowledge. However, in 
many cases, CS curricula for elementary 
schools aim at teaching computational 
thinking [e.g., 5,8,14,15,20]. To achieve this, 
teachers’ knowledge as well as their per-
spective of the nature of computing should 
probably go beyond programming. 

Yadav et al. [22,23] took another direc-
tion. They integrated a module of compu-
tational thinking into a general mandatory 
course for pre-service elementary and 
secondary teachers—although planned for 
pre-service rather than in-service teachers, 
their approach can probably be applied for 
the latter context as well. This was a one-
week module of two 50-minute sessions. 
It was unplugged and lecture-based, fo-
cusing on very basic algorithmic concepts, 
and mentioning ideas such as abstraction, 
but in a very brief and basic manner (for 
example, abstraction was one compo-
nent of a 7-component session lasting 
50 minutes). Thus, this approach greatly 
emphasizes the nature of computing as a 
problem-solving discipline, but in a sense, 
it remains at too high a level, potentially 
making it difficult for the teachers to con-
nect it to concrete computing curricula.

These two approaches represent two 
endpoints of a wide range, and I believe 
that it is best to offer a PD course that 
combines these two. This recommen-
dation is independent of the curricula 
according to which these teachers will 
teach. It is certainly true for curricula that 
aim for teaching computational thinking, 
but it is just as relevant when considering 
curricula that focus on programming. I 
believe that teachers should always have 
knowledge and perspectives that are 
wider and deeper than those expected of 
their students. First-grade mathematics 
teachers should know more than basic 
arithmetic with small numbers; ninth-grade 
physics teachers should be familiar with 
calculus and Newton’s laws in their general 

form, even though their students learn 
them in a simplified manner that does not 
involve calculus terms. The same goes for 
CS teachers, even if they only teach their 
students programming.  

The combined approach can be 
achieved even within the unavoidable limits 
of short training. Although, as noted above, 
it is unreasonable to expect a short PD 
course to provide teachers with a wide-
enough basis of disciplinary content knowl-
edge, a good course should lay a solid, 
quality foundation, which can later be aug-
mented and developed further. Specifically, 
practicing the aspect of solving problems 
in an algorithmic context, which is broader 
than programming and involves abstrac-
tion from the very beginning, can promote 
a reliable perception of the field, and the 
acquisition of basic computing skills and 
knowledge. Hence, a combined approach 
for “bootstrapping training” is suggested, 
described by very general guidelines. 

First, when a new computing curricu-
lum for elementary schools is launched, a 
minimum-length initial PD training course 
for the teachers should probably consist of 
at least 30 hours. On one hand, one cannot 
expect teachers who have no background 
in computer science to gain enough knowl-
edge as well as confidence if provided 
with a shorter training. On the other hand, 
a training of 30 hours can be offered in a 
relatively concentrated manner. It can be 
offered in the summer preceding the first 
year that the program is implemented, in a 
condensed one-week course, or in a more 
relaxed form. Later, throughout the year, 
the novice teachers should be provided 
with regular support, for example, by 
monthly sessions of a few hours each. 

The initial summer training should 
probably start with an introduction of 
computing as a problem-solving discipline. 
At this point, it is not even necessary to 
present solutions to these problems, that 
is, algorithms. On the contrary, this will 
enable one to emphasize the domain of 
problems, its richness, its variety in terms 
of the areas it represents (e.g., biology, 
economy, e-commerce, and traffic control) 
and the uniqueness of computer scientists 
as expert problem-solvers approached 
by scholars of other disciplines. I imple-
mented this approach in a few talks I gave 
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to in-service teachers in elementary and 
middle school. While these were relatively 
short talks, given as part of 1-day teachers’ 
conventions rather than in PD courses, 
they generated a positive effect on the 
teachers’ views of CS.

Only then will the discussion of solving 
problems start, beginning with one or two 
short sessions of unplugged activities, 
such as CS-unplugged [6]. Starting with 
unplugged activities has two advantages. 
First, it can serve to emphasize the nature 
of CS as a discipline that is more than 
programming. Second, it allows for dealing 
with interesting, hence relatively compli-
cated problems, such as sorting, which are 
way too advanced as programming tasks 
for beginners. It is best to choose activi-
ties that deal with solutions for problems 
that can be easily presented as relevant 
for non-CS areas. Sorting and searching 
are classic examples, as are routing, error 
detection, and other available activities, 
if they are presented in the context of 
authentic problems outside of the context 
of CS, thus stressing the nature of CS as a 
problem-solving discipline. 

Then, the practice of problem-solving 
can be further explored. However, I recom-
mend not to do that by directly moving on 
to programming, as is sometimes done in 
introductory CS courses. Rather, it is best 
to adhere to a problem-based strategy 
in which problems are always solved 
at the algorithmic level, and only then 
implemented in a programming language. 
This way, the teachers are engaged in a 
complete process of problem solving, in-
volving abstraction, as well as an oscillation 
between levels of abstraction. This can 
foster a genuine perception of comput-
ing. A teaching framework following this 
rationale was presented in [1] and imple-
mented in an introductory CS course for 
7th-grade students (using Scratch), where 
it was shown to have a significant impact 
on students’ CS knowledge, abstraction 
skills, and their perception of the nature of 
CS [18,19]. If applicable for novice mid-
dle-school students, it is probably also 
applicable for in-service teachers who are 
newcomers to CS. 

I believe that all the above can be 
comfortably accommodated in a 30-
hour well-planned course. Of course, it 

is unreasonable to expect that teachers 
will achieve mastery of the programming 
language they would later use after only 
this brief introduction, but if the founda-
tions are built as suggested, such issues 
can be addressed relatively easily. Appro-
priate resources can be developed and 
made available for the teachers, including 
problems solved by the same abstrac-
tion-oriented approach, and chosen such 
that their solutions naturally call for the 
yet-to-be-learned computing concepts 
and their implementation in the pro-
graming language. Such problem- and 
context-based learning is known to foster 
meaningful learning [21], and is probably 
more effective than teaching programming 
constructs, one after the other.

Note that this suggestion is relevant 
only for the first years of implementation 
of a new K-6 computing curriculum, when 
pre-service training is not yet available. 
At later phases, appropriate pre-service 
preparation programs should be devel-
oped, and certification of new computing 
teachers should be dependent on the com-
pletion of such a pre-service program.  
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Over the last ten years, the landscape 
of education delivery has been 
changing rapidly. This is driven by 

several factors, including distance learning 
opportunities; the need to ramp up the 
teaching of computer science at pre-uni-
versity level; the need for new learning 
platforms for students; rising costs of 
printed textbooks; rising enrollments, 
etc. A new education industry is emerg-
ing that has created a marketplace of 
teaching tools and learning environments 
for the teaching of computer science: 
electronic texts, autograders, integrated 
texts, learning and programming environ-
ments, drill and practice environments, 
etc. Providers are striving to insert these 
tools in the closed system that was: 
student-texts-labs-instructors. Instead 
of having all the components on campus 
at a single location, you can now opt to 
have one or all off campus, accessible via 
an online or electronic medium. In this 
column, I offer a quick review and examine 
how some of these may impact teaching 
and learning.

Autograders
Learning by doing and learning through 
grading: we can view these as pre- and 
post-assignment events in a course. We 
ask students to do problem sets and pro-
gramming assignments, so they will learn 
by doing. We grade their assignments and 
give them tests to assess their learning 
and to provide feedback. Most faculty 
would admit, grading is grunt work. Enter 
autograding. It is trending—not just for 
programming assignments, but also for 
written exams. However, much learning 

can and does happen in the post-grading 
context. Feedback from grading in the 
form of both positive and negative rein-
forcement is a powerful pedagogical tool. 
Is there any pedagogical impact of the use 
of autograders in courses? First, we’ll ex-
plore the landscape and then we’ll examine 
some of the implications.

Autograders are tools instructors can 
use to automate the grading of student 
work. Students write a program or an 
essay and submit their work electronically. 
An autograder gets to work and assigns 
grades. Done! Does this convenience offer 
benefits beyond the savings on time? 
What, if any, are the implications for teach-
ing and learning?

Some computer science faculty have 
been using “home grown” autograding 
scripts for years. These scripts work espe-
cially well on programs that do standard 
input/output (as in stdin/stdout). Students 
submit their runnable programs into a 
folder using a ‘submit’ script (that the 
instructor sets up). Under the control of 
another script the programs are executed, 
subjected to a battery of tests (that the 

instructor sets up), and the results are 
tallied and transformed into grades based 
on rubrics (again, set up by the instructor). 
In larger universities, this kind of autograd-
ing is often set up by graduate student 
teaching assistants (TAs) whose job it is to 
do the grading. Some of these have been 
in use for many decades.

Enterprise-Grade Grading 
Tools & IDEs
It seems inevitable that those with the 
greatest amounts of grading would 
further develop tools to do automated 
grading. The past few years have seen 
a rise in the development and adoption 
of enterprise-level autograding tools: 
GradeScope, Web-CAT, Autogradr, etc. 
just to name a few [1,3,14]. Some of these 
are proprietary and charge fees ranging 
from $1-$7 per student per course. Once 
you sign up for a service, you must create 
the assignments, create grading rubrics, 
set up tests, test the setup, and then 
launch the service so students can use 
it to submit their programs. Grading is 
instantaneous, and students are encour-
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aged to resubmit any number of times up 
until the deadline. Some autograders also 
incorporate handwriting recognition. You 
can scan and upload handwritten exams 
for grading. 

Beyond claiming that they save grading 
time, autograders also provide feedback 
tools: summarizing student mistakes and 
providing feedback to students on the 
specific mistakes they made on an assign-
ment. They are mostly reports of failed 
rubrics. Better ones allow the instructor to 
provide additional comments to each stu-
dent. There is also the promise of providing 
learning analytics to instructors. The claim 
from vendors is that these “make educa-
tion more efficient.” [13]

Increasingly, we’re also seeing a trend 
in incorporating autograders into online 
learning systems. Many of these learning 
systems go beyond the “radio-button 
multiple choice question” to full-fledged 
integrated programming environments 
with built-in autograders: CodeHS, Mimir, 
repl.it, Stepik, Vocareum, etc. are some 
examples [6,11,12,13,14]. Essentially, they 
host your entire classroom through a web 
browser. Lessons, assignments, quizzes, 
exams are all integrated into the same 
service through a web browser. You do not 
have to install any local programming envi-
ronments. Students just need a networked 
computer with a web browser to access all 
content, to do their assignments, even take 
exams, and have them autograded. These 
can be especially handy for schools ramp-
ing up to teach computing. Again, many of 
these work on a paid subscription model.

Drill & Practice
Another class of online tools that are 
trending are drill and practice sites: Cod-
ingBat and CodeCheck to name a couple 
[2,4]. These sites offer students numerous 
drills to write short programs (or functions) 
and provide instant feedback on the cor-

rectness of their code. Instructors can use 
these to offer self-practice sessions for stu-
dents. This is independent of their course 
set up which may be “classical,” using texts 
and onsite labs, or using any of the online 
services mentioned above. Some of the 
enterprise-grade systems are also starting 
to provide drill and practice features.

Dear Instructor
For a course that you have been assigned 
to teach, you now have numerous choices. 
However, you do have to look beyond the 
claims made by these educational software 
startups. Using these tools and services 
directly impacts how you teach your 
courses and how and what students learn. 
There may be many subtle and unforeseen 
consequences. Autograders are good at 
grading two classes of programming ru-
brics: output correctness; and specification 
correctness. They do not do a good job 
of grading code and design quality. This 
remains a human activity. Most instructors 
who use autograders either completely 
forego grading for code quality and design 
due to large classes, or they must addition-
ally spend time grading on design aspects. 
It all boils down to how important code 
quality and design is for students to learn.

Committing your course to a web 
hosted service in its entirety may require 
rethinking the structure of exams. I no lon-
ger give open-book exams for the simple 
reason that students mostly rent electronic 
versions of texts. You also need to evaluate 
if a web-hosted service fits in the context 
of your institution. Or, whether the institu-
tion can absorb the cost of paid subscrip-
tions. With several hundred students, the 
cost will add up.

Claims such as “autograders reduce 
grading time in half” ignore the time you 
will invest in learning how to use them 
and then time spent in setting up each 
individual assignment, quiz, or exam. If 
you’re teaching classes with hundreds of 
students, this may be time well spent. If, 
like me, you’re at a small liberal arts college 
where classes tend to have fewer students, 
the gains may not be as clear. There may 
be an inflection point for such a choice. 
Additionally, these are evolving tools and 
thus constantly prone to updates to fix 
bugs and to add new features.

A bigger concern with using auto-
graders is ensuring the compatibility of 
programming environments between your 
labs, student computers, and those of the 
autograder servers. Things may not work 
smoothly for any number of reasons: wrong 
version of the compiler, library, or missing 
APIs, etc. Autograders are strict about every 
little aspect of program output (even spac-
ing and spelling of messages). Often, they 
make mistakes in grading. You will have 
to create a new set of rules and policies if 
you decide to use any of these automated 
services (see an example in [4]).

One feature of autograders that is of some 
concern is the ability for students to submit 
their work as often as they like to get instant 
feedback on correctness. Faculty tell me that 
this tends to breed “code monkeys.” Students 
do rapid fire submissions in response to er-
rors reported by autograders, largely ignoring 
design issues. The post-feedback I mentioned 
above, where one can offer more subjective 
feedback on improving code by hand grading 
is no longer feasible, unless you do a detailed 
code review after autograding.

Using an environment like repl.it or Vo-
careum that are essentially browser-based 
sandboxes is also somewhat troubling. En-
vironments like Jupyter have become very 
popular, and for good reason [5]. But, they 
also limit the evolution of cognitive models 
of program development that is essential 
for computer science students: how or 
when does one learn to create standalone 
applications that run outside these sand-
boxes? Also, think about the kind of access 
students may (or may not) have after the 
course has concluded. How would they 
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Oxford English 
dictionary [10] 
characterizes 

basic research as 
“Theoretical research 
aimed at discovering 
scientific principles 
and facts; opposed 
to applied research, 
which puts those 
principles to practical 
use.” OECD glossary of 
statistical terms [9] defines 
basic research in a few more 
words: “experimental or theoretical 
work undertaken primarily to acquire new 
knowledge of the underlying foundations 
of phenomena and observable facts, 
without any particular application or use 
in view.” OECD defines applied research 
as “…original investigation undertaken to 
acquire new knowledge. It is, however, 
directed primarily towards a specific 
practical aim or objective.” 

In natural sciences basic research is 
a self-evident part of the work, whereas 
computer science can be widely consid-
ered applied research, which seeks to 
develop methods that can be implemented 
with computers, to address practical or 
theoretical problems. The field is, of course, 
wide and some areas, for example theoret-
ical computer science, are closer to basic 
research whereas others, for example. 
usability research, are heavily connected to 
applications. My own PhD work in com-
puter science in early 1990s concerned im-
proving the efficiency of tree-based main 
memory search algorithms. By that time, 
it did not seem very relevant to justify the 

work by discussing concrete applications 
where the new algorithms would have true 
significance. Theoretical improvements 
were sufficient, and simulation results 
could supplement them. Thus, I would 
characterize that research close to basic 
research. Since then, I have been working 
in Computing Education Research (CER), 
and my work has been heavily applied. Yet 
the question of basic research occasionally 
pops up.

So, where does Computing Education 
Research (CER) lie here? Is there anything 
in this field that could be characterized as 
basic research, that is, an area of research 
exploited merely or mostly for the sake 
of understanding something (without 
obvious applications in mind) or for devel-
oping models or theories to present the 
investigated phenomena and capture their 
essence? 

Why would such work be important? 
The field has a long tradition of empirical 
work, which explores the effect of new 

transfer their skills to program develop-
ment on their own computer? While small, 
this is not an insignificant issue.

Autograders and third-party serv-
er-hosted environments will increasingly 
permeate the landscape of education 
delivery. As is true of any new technology, 
many new questions will emerge and need 
to be examined carefully and outside the 
context of product evangelists and their 
claims. Making education efficient is not 
the goal. Making it effective, better, and 
more meaningful is. Much research needs 
to be done in this arena.  
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OPINION

teaching/learning methods or tools on 
students’ learning outcomes, working 
practices, motivation, etc., thus build-
ing evidence of their effectiveness or 
identifying their shortcomings in different 
educational contexts. The challenge that 
I see here is that we do not always thor-
oughly understand why something works 
or does not work. Such understanding is 
needed, if we aim at improving education 
in the long run.

I recognize some candidates for 
basic research in the field. First, there are 
literature studies, review papers and meta 
studies, which summarize work carried out 
in a subarea. This material often identifies 
some wider perspectives, common find-
ings, or emerging trends in the subarea. 
For example, the meta study of algorithm 
visualizations by Hundhausen, et al. [5] 
revealed the importance of engagement 
with visualization as a central factor in im-
proving learning and guided much future 
work in algorithm visualization research 
(even though this area itself clearly falls in 
the domain of applied research). 

Second, there is qualitative research 
work, which explores students’ concep-
tions of some computer science topic, e.g., 
objects and classes [4] or experiences of a 
novel type of educational innovation, such 
as Thayer and Ko’s investigation of coding 
bootcamp participants’ careers [12]. Corre-
sponding explorative work using quanti-
tative methods can present novel models 
to understand and/or to predict student 
behavior, such as [2] where the authors 
derived a model characterizing students’ 
programming activity using collected data 
on their behavior and errors. Often such 
work includes implications for educational 
practice, but this is part of discussion, not 
applying the results. 

Third, there are methodological papers, 
which build and validate novel methods to 
address research topics. These include, for 
example, papers presenting novel instru-
ments to measure some aspects of stu-
dents’ learning, such as their self-efficacy 
in the context of learning algorithms [3] or 
comparison of different time metrics to es-
timate students’ time-on-task or effort on 
learning programming [6]. Fourth, there is 
work discussing strengths and weaknesses 
of theories from other fields in the context 

of computing, such as Ben-Ari’s discussion 
on constructivism in computer science 
education [1].

Finally, there are efforts, related to the 
theme of this column, that explore the 
nature of publications in the field to build 
a better understanding where we are as 
a research community [7,11]. How is the 
research work carried out in the CER field 
evolving and how does it compare with 
research in other fields? 

What can we conclude here? While 
computing education research is clearly an 
applied field of science, there is important 
work carried out, which builds broader 
understanding on learning computer sci-
ence or computing. Theories from learning 
sciences, psychology, and other social 
sciences support us, but they cannot fully 
capture the essence of learning concepts 
and processes at our own domain—com-
puter science. Independent development 
of our own theoretical frameworks is 
still quite rare [8], and more such work 
is needed. Long term improvement of 
education has a much stronger basis, if we 
deeply understand the nature of learning 
challenges and how they can be ad-
dressed. One of my colleagues said: “with 
our automatic assessment tools we can 
well carry out empirical work to identify 
problems in learning or studying. However, 
when designing interventions to address 
the problems, we are not sure what would 
be the right way to present the automatic 

feedback for students.” The reasons, for 
example, for procrastination are manifold 
and effective feedback can be designed, 
only if we really understand sources of the 
problems. This calls for both theoretical 
and methodological development, which 
are—if not pure— close to basic research in 
computing education.  
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n many social studies and humanities 
courses, even at the introductory or inter-
mediate levels, students may have con-

siderable freedom of choice. For example,
•  students may select articles about 

current events or topics matching their 
interests,

•  students or small student groups may 
lead class discussions or make presenta-
tions, and/or

•  students may choose one or more 
paper topics, perhaps based on course 
themes.

In contrast, in my experience for 
(most?) introductory and intermedi-
ate-level STEM courses, including com-
puting courses, students rarely choose 
articles, select topics, make presentations, 
lead class discussions, or write papers 
on topics of their choice. Senior-seminar 
courses may allow considerable flexibility 
in selecting and presenting articles, but 
choice seems rare at early levels of the 
curriculum.

Such observations suggest the 
question, “To what extent might student 
choice or a democratic class environment 
be possible, appropriate, or helpful within 
a computing classroom—particularly at 
introductory or intermediate levels?”

Some initial responses to this question 
may be organized into three categories:
•  student learning outcomes,
•  content, and
•  pedagogy.

The remainder of this column seeks 
to start a discussion of issues of democ-
racy/student choice within each of these 
categories. 

In what follows, please note that this 
column does not claim that issues of 
democracy/student choice are unique to 
courses in computing. However, since ACM 
Inroads focuses upon computing educa-
tion, the following comments are stated 
primarily within the context of computing 
courses—more general discussion is left to 
other venues and audiences.

Student Learning Outcomes
CS 1, CS 2, and many other courses at the 
introductory and intermediate levels often 
serve as prerequisites for later courses, so 
early courses typically must ensure mas-
tery of specific topics and techniques (e.g., 
control structures, iteration and recursion, 
functional decomposition, basic data 
structures and algorithms). More generally, 
as a computing program seeks to meet 
expectations of Computing Curricula 2013 
(CS2013) [1], faculty must consider what 
material will be in which courses within an 
overall curriculum. Since CS2013 identifies 
over 1000 student learning outcomes, 
undergraduate courses often adopt many 
specific CS2013 outcomes. 

For such courses, students likely lack 
the broad perspective and deep knowl-
edge to decide what outcomes might 
be addressed where. Faculty likely must 
make such choices, leaving little room for 
democracy and student decision mak-
ing. Courses collectively should facilitate 
mastery of CS2013 topics and learning out-
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comes, and fitting all the pieces together 
within a coherent curricular structure re-
quires substantial time, effort, background, 
and insight. 

Naturally, in some limited contexts, 
faculty might identify an outcome that 
could be assigned to one of several cours-
es, or to a sequence of courses that might 
develop successive levels of mastery for a 
topic. (For example, RSA encryption might 
be discussed in an upper-level course on 
either algorithms or the theory of compu-
tation. Also, mastery of recursion might 
be started in CS 1, developed further in 
CS 2, and used in still more sophisticated 
ways in an intermediate course.) When 
such choices are possible, discussion with 
students might outline a limited range of 
possibilities, and identify student concerns, 
interests, priorities, etc. In some cases, 
upper-level students may identify certain 
topics that seem to arise frequently in 
employer interviews for internships or jobs, 
so discussing those topics relatively early 
might be considered a priority.

Altogether, the setting of student 
learning outcomes for introductory and 
intermediate courses might benefit from 
some student input, but largely this seems 
a matter for the faculty—very little democ-
racy and/or student choice seems possible 
here!

Content
In considering course content, it may be 
helpful to consider two separate dimen-
sions: goal- versus process-orientation, and 
essential versus elective content.

GOAL- VERSUS PROCESS-ORIENTATION: 
In my experience, many computer science 
courses start with specific goals or agen-
das: students must achieve a prescribed 
level of mastery for a collection of specific 
topics. For example, within the AL/Fun-
damental Data Structures and Algorithms 
knowledge unit of CS2013, the third learn-
ing outcome states, “Be able to implement 
common quadratic and O(N log N) sorting 
algorithms” [1, p. 58]. From this perspec-
tive, many computing (and STEM) courses 
seem goal-oriented: a list of topics (with 
student learning outcomes) provides goals, 
and those goals largely dictate course 
content.

As a contrast, some courses may em-
phasize a process. For example, a software 
development course involving a project 
may focus upon meeting with clients to 
identify specifications, involvement within 
a team to identify a design with data struc-
tures and algorithms, development of code 
based on the specifications and design, 
and organized testing. Although various 
approaches may be presented, much of 
the emphasis of a software development 
course is to provide students with direct 
experience with the process of large-scale 
software development. For example, within 
the realm of iterative software develop-
ment, “Agile software development with 
Scrum is often perceived as a method-
ology; but rather than viewing Scrum as 
methodology, think of it as a framework 
for managing a process.” [3]

As another example, a course might 
provide experience with conducting STEM 
research: identifying a problem, brain-
storming possible approaches, testing hy-
potheses or developing theories, creating 
a poster, and concluding with a technical 
paper and a presentation of results. Al-
though expectations may vary according 
to the nature of the project(s), an import-
ant element is to provide students with 
experience in developing posters, technical 
papers, and presentations in the style of 
conference talks and pieces that might 
be submitted to a journal. In computing 
and STEM fields, such a course often is 
considered at the senior or graduate level, 
but sometimes such efforts may appear 
early in the curriculum. For example, at 
Grinnell, introductory biology, BIO 150, 
“Introduction to Biological Inquiry,” seeks 

to help beginning students experience how 
biologists actually work. Various sections 
of the course have different themes, but 
the overarching purpose involves start-
ing a project (of each student’s choice), 
designing and conducting experiments, 
reaching conclusions, and creating final 
products (e.g., a poster, paper, and presen-
tation) that reflect the work environment 
of professional biologists. Specific content 
is covered in later courses, but BIO 150 is 
designed to set a tone—from the introduc-
tory level on.

My own experience involves a course 
that integrates technical depth with 
considerations of social and ethical issues 
related to the technology. For this course 
(taught at Williams College in fall 2017), 
students explored several topics in some 
depth, and they developed both a poster 
and two papers in the style of technical 
conference/journal submissions.

With both the BIO 150 and my interme-
diate-level course integrating technology 
and social/ethical issues, the process of 
research formed a central element. The 
course provided a general framework, 
but students had substantial freedom 
to choose their areas for in-depth study. 
For BIO 150, a section of the course may 
dictate a subdiscipline for exploration, 
but work within that environment may be 
relatively open. At the start of my course, 
I identified 6–8 potential topics, and 
students could suggest more. Then, over 
the first week, the students collectively 
planned course details—e.g., three topics 
for four weeks each or four topics for 
three weeks each. Both examples suggest 
that course content may allow important 

The setting of student learning outcomes 
 for introductory and intermediate courses 

might benefit from some student input,  
but largely this seems a matter for  
the faculty—very little democracy  

and/or student choice seems possible here!
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elements of student choices with [limited] 
democracy in action. As another illustra-
tion, the CS Principles course highlights 
six high-level “Computational Thinking 
Practices” and seven “Big Ideas.” [2] Within 
a course, I might imagine an instructor 
working with students to identify applica-
tions, examples, projects, etc. that illustrate 
the central themes while connecting with 
student interests, but I leave an extended 
discussion of a CS Principles course for 
another time.

Altogether, to over-generalize and 
over-state, one might wonder the extent 
to which a goal-oriented course may 
substantially limit student choices, whereas 
a process-oriented course might allow 
a range of options for democracy and 
student choice.

ESSENTIAL VERSUS ELECTIVE CONTENT: 
Regardless of whether a course is primar-
ily goal-oriented or process-oriented, a 
curriculum may dictate that a course must 
provide substantial experience with some 
material, but also allow flexibility for other 
topics. For example, early in my own expe-
rience, Calculus I included both essential 
and elective content. The course learning 
objectives required that students become 
experienced with notions of the derivative 
and the integral, and the course descrip-
tion required that students gain substantial 
experience with 2–4 applications of these 
derivatives and integrals. Thus, some 
course sections might focus upon math-
ematical applications of derivatives (e.g., 
equations of tangent lines), other sections 
might highlight physical applications (e.g., 
related rates, distance/velocity/accelera-
tion), and still other sections might discuss 
business applications (e.g., marginal cost 
and marginal revenue, maximizing profit). 
Sometimes a calculus section might be 
advertised as focusing on applications for 
one field or another, but at least in prin-
ciple students within a section might be 
asked to identify their interests. 

A reviewer of this article observed 
that courses in media computation may 
have qualities analogous to the Calculus I 
example. A course may highlight various 
principles of media computation, but the 
selection of applications might depend 
upon student interests and backgrounds.

Similarly, a computing course might 
solicit student preferences for applications 
of linked lists, queues, and/or graphs. Al-
though course descriptions and identified 
student learning outcomes may dictate 
substantial elements of course content, 
student choice might allow the tailoring of 
some content from semester to semester 
and content to connect well with student 
interests. 

Pedagogy
Often in my experience, an instructor plans 
not only the course content and learning 
outcomes, but also the course pedagogy. 
For example, an instructor may announce 
at the start of a semester that the course 
will highlight lecture or clickers or sched-
uled labs or small group assignments or 
other elements. Of course, in academic 
environments, an instructor typically con-
trols the overall course, so the instructor 
can assume the role of benevolent dictator 
and decide upon elements of pedago-
gy before a semester begins. However, 
other approaches may allow students to 
make numerous basic decisions regarding 
pedagogy. 

As an initial example, in 1978, several of 
my students wanted to study operating 
systems, but no such course existed at the 
school at the time. To accommodate the 
students and to pursue my own inter-
ests, I agreed to organize a course as an 
overload, but I also indicated that I could 
not follow the normal pattern of lecture, 
discussion, assignments, etc. In response, 
the students and I brainstormed how the 
course might run. Eventually, the students 
(and I) agreed upon a format in which they 
took day-to-day responsibility:

STUDENT LECTURES (1978 VERSION)
•  I prepared a day-by-day schedule for 

the course (in that case meeting 3 times 
per week), following two contemporary 
textbooks.

•  One student was responsible for the 
material each day—reading the desig-
nated material, organizing examples 
or identifying material, and presenting 
material to the others. Since the next 
class meeting would go onto the next 
topic(s), the student for one day needed 
to provide appropriate background and 
insight for success the next meeting. 
(If a student did not provide adequate 
background, then the presenter for the 
next day would have to cover back-
ground material as well as that day’s 
material.)

•  In rotating assignments, each student 
had to organize and present material 
at least every-other week, so students 
could never get too far behind—they 
had to present material, building on 
past topics, on a regular basis, and any 
difficulties in understanding would likely 
become evident during a presentation. 

In practice, this approach worked 
wonderfully well. The students were highly 
motivated. At the start of the semester, 
classes proceeded reasonably well, but 
presentations and insights improved 
substantially over the semester. Also, these 
specific students had an interest in outdo-
ing their predecessor—a kind of one-up-
manship. By the end of the semester, the 
presenters (all men in this case) decided 
to dress in three-piece suits, came to class 
with polished handouts, and had devel-
oped polished notes and/or slides. 

One might wonder the extent  
to which a goal-oriented course may 
substantially limit student choices,  

whereas a process-oriented course might 
allow a range of options for  

democracy and student choice.
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Although this approach worked well, its 
success absolutely depended upon student 
buy-in. This was how the students wanted 
the course to proceed, and they followed 
through on their commitments.

STUDENTS CHOOSING PEDAGOGY
Since that time, I have started a semester in 
a few courses by outlining several possible 
class formats. The students and I then discuss 
possibilities over the first few class meetings 
(while also covering some foundational ma-
terial). By the end of the first week, students 
had decided how the course will proceed. 
(Depending upon a school’s environment, 
discussions of class format and pedagogy 
might take place before classes start via 
email or online discussion, but to date I have 
preferred face-to-face discussions/debates to 
encourage everyone to contribute.)

As a specific example, the last two times 
I taught an upper-level algorithms course, I 
began the semester highlighting five distinct 
class formats that might be considered:
  Traditional
•  Instructor lectures (perhaps with 

clickers)
•  Students submit summaries or ques-

tions for discussion, based on read-
ings, before most classes.

•  Students work problems (sometimes in-
dividually, sometimes in groups of 2 or 3).

  Student Lectures (a scaling of the 1978 
version discussed earlier)
•  About 3 students organize and lecture 

on the topic specified for the day.
  The day-by-day schedule guides the 
flow of material.
  Student presentations cover much of 
the material.
  Each student in a group presents 
10-15 minutes.
  The instructor may add perspective 
at the end of each class.
  Groups likely change from one set of 
lectures to the next.

•  Other students work problems 
(sometimes individually, sometimes in 
groups of 2 or 3).

  Problems-based Course
•  First class on a topic

  Students ask questions on the as-
signed reading.

  Class discussion clarifies questions.
  An assignment is given (perhaps 2–3 
problems).

•  Next class: students present solutions.
  Students might present individually.
  Groups of 2 or 3 might present 
solutions.
  The selection of presenters might be 
random, based on volunteers, etc.
  Course rules might dictate that a 
student present a specified mini-
mum number of solutions for the 
semester or other time interval.

  Programming-based Course
•  A course might focus on a series of 

programming assignments
  Assignments might be done individ-
ually or in small groups.
  If groups tackle problems, the 
composition of groups might change 
often.

•  Although this approach may resonate 
with those interested in software-de-
velopment, several potential difficul-
ties sometimes arise.

  If a textbook presents much pseudo-
code, programming itself may 
emphasize syntax translation rather 
than a mastery of ideas.
  Some topics (e.g., graph algorithms) 
may require a support structure that 
provides a framework for the topics 
of interest.
  In studying graph algorithms, a 

framework might require a pro-
gram to set up a graph and print 
its vertices and/or edges.

  Without a support structure, more 
programming effort may be con-
sumed for a foundation platform/
library than for applying the algo-
rithms or techniques under study.

  Multiple implementations may be 
possible for some algorithms, and 
programming assignments may 
need to focus on one approach or 
another. 
  For example, graphs might be 

implemented with hash tables, 
adjacency lists, adjacency matrices, 
etc.
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  When multiple implementations 
are possible, algorithmic analysis 
may be challenging.

  Although some topics may fit well 
with programming assignments, 
other topics (e.g., the analysis of 
algorithms) may be difficult to 
explore within a programming 
context.

  In-class Small Groups
•  Students work in class on problem sets 

in groups (following a type of flipped 
classroom).

•  Answers might be written up individu-
ally or by the group.

•  Answers might be presented in class.
  Mechanisms for presenting answers 
need to be discussed by the class.
  Presentations could be on the same 
day or during the next class.

Over the years, I have utilized several 
(but not all) of these class formats, and I 
have combined ideas of several within a 
single course.

A Caution
In his 1835 and 1840 classic, Democracy in 
America (volumes 1 and 2) [5], Alexis de 
Tocqueville described a danger of the “tyr-
anny of the majority,” a situation in which 
decisions of a majority may undermine 
the rights, well-being, or needs of minority 
groups. Applied to student choice and 
the possibility of democracy in a course 
setting, one reviewer of this column noted 
that a possible consequence of a strict 
student democracy 

means that the course structure will 
be determined based upon what 
the majority believes will best meet 
their needs. This might negate some 
of our goals of making sure that all 
students have the opportunity to 
succeed. For example, consider if a 
class voted to make all the examples 
be based upon violent, first-person 
shooters. There might be negative 
consequences for that for students 
who do not like these games. 

In my own experiences involving 
student choices, I believe I have provid-
ed parameters and structures to avoid 

potential pitfalls—often finding alternative 
approaches that seem to satisfy perspec-
tives of the entire class. However, when in-
corporating student choices and elements 
of democracy within a course, an instructor 
will need to anticipate the potential issues 
raised generally by de Tocqueville and spe-
cifically within courses by the reviewer.

Conclusions
Does a classroom setting provide an 
example of a democracy? Obviously not: 
an instructor is in control. A single course 
must fit within an overall curriculum, con-
tent may be dictated by CS2013 or other 
standards, later courses may rely upon 
competencies developed in earlier courses, 
etc.

However, at least with small or mod-
erate-sized enrollments, elements of a 
course may allow student choice. 
•  Applications of fundamental approach-

es and structures may cater to student 
interests.

•  Courses that highlight processes may 
allow substantial flexibility regarding 
specific content.

•  Even with course content reasonably 
fixed, students may be given options 
regarding class format, pedagogy, indi-
vidual versus group work, the nature of 
assessments, etc.

At least in my experience, providing stu-
dents with some options can boost morale, 
add motivation, encourage active engage-
ment, and allow students to explore their 
interests. Of course, local environments and 
demands from high enrollments may limit 

options for student choice but providing 
some choice can have positive outcomes—
at least in some circumstances.  
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T
he low enrollment and graduation 
rates of underrepresented students 
in computer science, particularly 

those students who are women and 
Latinx1, is well documented and of deep 
concern to computer science educators, 
industry, and other stakeholders. This 
concern was the motivation for the ACM 
Education Board to establish the ACM 
Retention Committee, with co-chairs Ali-
son Derbenwick Miller (Oracle) and Chris 
Stephenson (Google). The main charge 
of the committee was to collect and 
analyze data to gain deeper insights into 
programmatic issues of recruitment and 
retention of underrepresented students 
to broaden participation in computing. 
As a companion piece to this charge, the 
committee is publishing a series of opin-
ion pieces [9,11,19]. This article is the last 
in the series and presents a perspective 
from a minority voice in examining the 
challenges and opportunities for Latinx 
undergraduate students. 

Using Case Study as the 
“Minority Voice”
One issue the committee wondered about 
was how moving an underrepresented 
minority or woman into a minority-ma-
jority environment might affect issues of 
retention in CS undergraduate studies. 
As the case study in this paper illustrates, 
social identity can be central to decisions 
of remaining in or leaving an environment 
or social group, including persistence in 
CS studies. This notion of social identity is 

1   Latinx is a term to refer to Latina and Latino students 
that is more gender neutral.

multifaceted, making this a complex issue. 
Minority status can be created from any 
of several defining characteristics, such 
as race, ethnicity, gender, sexual orien-
tation, socioeconomic status, and ability 
hierarchies, a construct described later 
in this article. Even if a student moves 
from minority to majority status in one 
category—in this case, a Latinx student’s 
ethnic identity doesn’t create minority 
status because the institution is majority 
Latinx—other identity categories still have 
an impact as we see in this case study, 
where ability hierarchies and gender play 
a role in the student’s perception of how 
she fits into the culture. As we will see, if 
an individual perceives that s/he belongs 
to an identity group that is a subordinated 
minority, persistence and retention can 
become issues for that individual and for 
the institution working to support that 
individual.

Participation in Social 
Settings
As human beings, we socially interact with 
others, and, through this interaction in our 
environment, we make sense of our world 
and learn values, language, knowledge, 
and skills in everyday practice with others. 
What we learn creates a sense of self and 
shapes our identity—who we are for our-
selves and in relation to others [1,6]. This 
identity is in constant flux as we enter into 
different environments and cultures, such 
as whether an individual is in a welcoming 
environment, or in an environment where 
that individual might sense herself as an 
outsider [20]. 

Like other social settings, computer 
science programs and other disciplinary 
programs, create environments that 
influence how specific positive or negative 
identities are formed by those students 
who enter into these programs. The follow-

As human beings, we socially interact  
with others, and, through this  

interaction in our environment, we make 
sense of our world and learn values, 
language, knowledge, and skills in  

everyday practice with others.  
What we learn creates a sense of self  

and shapes our identity—who we are for  
ourselves and in relation to others.
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ing is a case study of Juliet, a Latina who, 
upon high school graduation, decided to 
enter into the computer science program 
at a 4-year, public minority institution 
with a population of over 80% Latinx 
students, located on the U.S. border with 
Mexico. This case study is drawn from a 
larger NSF-funded, qualitative study of 26 
Latinas who were in undergraduate studies 
in engineering and computer science. The 
case study contextualizes how identities 
are in constant flux as Juliet encounters 
and perceives various experiences that 
lead her to question whether or not she 
belongs in CS. 

Data for this case study were collected 
using a deep interviewing method [17] to 
obtain thick descriptions of a participant’s 
life experiences in order to understand the 
essence of their experience in a particular 
phenomenon. Interviews are conducted a 
week apart with the first interview asking, 
“What brought you to computer science?” 
and the second, “Tell me about your expe-
riences as an undergraduate in computer 
science.” The interviewer probes deeper 
into these experiences or events to elicit 
details about what is being shared in order 
to more fully understand the interviewee’s 
perception of the experience.

Juliet: A Latina CS Major
Juliet, a single Latina woman living with 
her family while in college, attributed her 
interest in CS to her enrollment in com-
puter maintenance classes during her last 
two years in high school where she was 
aware of her gender: “I was actually the 
only girl in that class, so, I felt intimidat-
ed, you know, by the other guys.” Juliet 
is fully aware of being female, and her 
intimidation possibly signals her subordi-
nation as such. Juliet had other interests, 
such as studying music because she 
played in a high school mariachi group. 
However, she stated in her interview 
that her “interest in computers for some 
reason just overtopped” those other 
interests.

After graduation from high school, 
Juliet took basic courses at the local 
community college, transferring to the 
local university during her sophomore year. 
She described her experience in the CS 
introductory course.

At first, I thought, “this isn’t for 
me.” I was getting frustrated with 
it, because this was my very first 
time learning Java, a whole new 
language. Some people in the class 
already had some sort of back-
ground, and I was barely learning 
from complete scratch. That was 
really actually frustrating. And I 
actually found that all the guys, or 
almost all of them, were actually 
the ones who knew and already had 
experience. And I wondered, “where 
did they gain this experience from? 
How come I didn’t go through it?” It 
would have been nice to have gone 
through it a little bit. So, I wouldn’t 
have been completely going through 
it from scratch, and there were two 
other girls who were in my lab and 
were also going through the same 
thing I was. I found that it was the 
girls that were actually like not 
knowing how to do it and getting 
frustrated while the guys were the 
ones that actually already had some 
experience. They would finish their 
labs within the first two periods 
while I would still be constantly 
struggling every week. I always felt 
frustrated – How come I’m always 
taking extra hours, getting help, and 
they’re just going and finishing it 
really quickly? Going through like it’s 
nothing, like it’s really an easy breeze 
for them. 

This differentiation in perceived abilities 
is what Secules, Elby, and Gupta [13,14] call 
“ability hierarchies.” For Juliet, this creates 
a perception of her inability to perform in 
the classroom, making this classroom less 
equitable and diminishing her strong sense 
of identity as a computer scientist. Her per-
ceptions of this male-dominated class with 
knowledgeable males illustrates how the 
environment and social practice in that en-
vironment have shifted her identity so that 
she now perceives herself as someone who 
struggles—someone who possibly cannot 
be a computer scientist. She perceives her 
lack of knowledge as a hindrance to partic-
ipating in a positive manner in this course. 

The passage further underscores 
the master narrative of engineering and 

computer science as masculine-dominated 
disciplines [see, for example, 3,7]. While 
her university experience is not a new 
experience for Juliet (also having been 
in male-dominated computer classes in 
high school), she develops the capacity to 
persist in this course (and eventually in her 
upper division courses) and describes her 
experiences in the lab.

It was really frustrating because the 
labs would take forever to finally 
finish; and then, once you finished, 
you had to sit and wait with your 
hand raised for a good ten minutes, 
waiting for the TA just to get to 
each person. There were so many 
of us, and it actually took time to sit 
with everyone, helping them out. 
Everyone would always be needing 
help, getting up walking to other 
people’s computers asking “Did you 
get this part? How did you do that?” 
You know, always trying to get help 
from one another…I actually liked 
the lectures a lot more. I did like 
the subject and everything…I would 
still have a little bit of struggle but 
I always felt like I could understand 
a little bit easier in the lecture; but, 
when I came to doing it in the lab, 
it always felt like it was completely 
different. It was really frustrating 
getting through it, getting through 
each little pre-lab, and then the 
actual lab. 

In spite of the struggles Juliet experi-
enced during her first year, she prevailed 
and moved on to upper division in the 
CS major. Juliet attributed peer support 
and Peer Led Team Learning2 (PLTL) to 
her learning computer science principles 
and being able to code. At this institution, 
PLTL [12,18] is overseen by a professional 
staff person who conducts workshops to 
guide the peer leaders throughout each 
semester to ensure integrity in the sessions 
(e.g., ensuring group members are fully 
participating).

Juliet described her trajectory in her 

2   Peer Led Team Learning is an active learning add-on to 
coursework with near peers who have previously been 
successful in the course [16]. At this university, PLTL 
is offered for each of the first three CS courses in the 
program [12] and is a group-oriented approach.
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CS studies: “Looking back, it was hard 
because I couldn’t figure things out. I 
think back on that intro class—it was really 
surprising how frustrating it was. And now, 
thinking how I love it now. How much I en-
joy it. And how in my current classes how 
much I’m enjoying making the programs, 
feeling accomplished.”

Discussion
This scenario could be taking place at any 
institution, whether it be a majority White 
institution or the minority institution where 
Juliet was enrolled. If Juliet had been 
enrolled in a majority White institution, it 
could be speculated that she might have 
felt even more intimidated by others in 
the class as Latinas are in the intersec-
tion of gender and race. Crenshaw [4,5] 
coined this construct as “intersectionality” 
wherein together sexism and racism are 
more complex than either in isolation. That 
is, a Latina might be subordinated both as 
a woman and as a Latina. 

Juliet, however, was enrolled in a 
minority institution with high enrollments 
of Latinx students, which may explain 
her lack of any reference to being Latina, 
or referring to others as another gender, 
race, or ethnicity in spite of being aware 
of her gender difference in the predom-
inantly Latinx high school. This case 
study reveals both the contentious and 
inviting environment Juliet faced when 
she entered into her CS studies and was 
on the verge of leaving the discipline. In 
spite of being at a minority Latinx insti-
tution, Juliet began to perceive herself as 
incapable of pursuing this degree, as she 
viewed others as more knowledgeable 
and prepared. Had the administration of 
this CS department not recognized the 
need to build supportive structures for 
students, Juliet might have been lost from 
the major. This sense of not belonging is 
one barrier minority students face in their 
introductory courses, and it is likely more 
predominant in universities where smaller 
percentages of minorities matriculate 
[8,10,16,17]. Social psychologists describe 
social belonging as having positive rela-
tionships with others [2], which was not 
the case for Juliet in her intro CS course. 
Nonetheless, with the structural supports 
integrated into the CS department, Juliet 

was able to develop a strong sense of 
belonging and persisted to graduation.

Concluding Remarks
Circling back to the series of opinion 
pieces from the ACM Retention Commit-
tee [9,11,18] and the content relevant to 
this piece, Lewis’ ACM Inroads article [9] 
on changing the culture, points to the 
importance of establishing collaborative 
opportunities for students. She further 
notes the importance of empathy for 
students built through the cultivation of 
positive relationships between faculty 
and students. It can be said then that the 
department at this minority university has 
incorporated PLTL as one mechanism for 
cultivating positive relationships among 
and between students, which Walker [18] 
also underscored in his opinion piece. 

A predominant theme from Juliet’s nar-
rative is her feeling of not belonging, which 
was exacerbated by those in her class who 
she perceived as more knowledgeable, 
creating what Secules et al. [13,14] called 
a hierarchy of ability that may dominate 
introductory CS courses. If so, Secules and 
colleagues [13] pose this question for CS 
faculty: “Are students creating a hierarchy 
amongst themselves in ways that I could 
interrupt?” This is one of many questions to 
consider if CS is to create more supportive, 
equitable classes that are capable of dis-
rupting perceived hierarchies of ability and 
of creating more inclusive environments.  
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C
omputer Science (CS) education has 
become a major focus both locally 
and nationally. Seventeen states have 

joined the Governors for CS partnership [2] 
and I am sure many more will follow. The 
White House has directed the Department 
of Education to commit $200 million each 
year for K–12 CS education and tech firms 
including Amazon, Facebook, and Google 
have pledged an additional $300 million 
for this initiative. All that money is a start 
to increasing the number of schools that 
offer CS and providing professional devel-
opment for current and new CS teachers 
although it doesn’t ensure increased enroll-
ments by female and minority students. 

Increasing female and minority en-
rollment is one specific goal of Baltimore 
County Public Schools in Maryland where 
I work. I spent the first two weeks of 
December 2017 celebrating CS Education 
week at four different high schools pre-
senting Hour of Code tutorials to students 
in the schools’ Advancement Via Individual 
Determination (AVID) classes whose goal 
in this instance is to change the demo-
graphics of CS classes. AVID is a global 
non-profit organization with the mission of 
closing the achievement gap by preparing 
students for college readiness. Students 
enroll in one class period of AVID each 
year in high school and receive tutoring as-
sistance, organizational and study skills les-
sons, and assistance applying to colleges. 
The AVID website states that:

The AVID Elective class targets stu-
dents in the academic middle, who 
have the desire to go to college and 
are capable of completing rigorous 
curriculum using the will to work 

hard. Typically, AVID Elective stu-
dents will be the first in their families 
to attend college, and many are from 
low-income or minority families. 
In the AVID Elective, students are 
routinely required to enroll in their 
school’s toughest courses, such as 
honors or Advanced Placement®. [3]

Nationwide, in the AVID graduating 
class of 2017, 86% of students were from 
underrepresented race/ethnicity groups. 
Seventy-five percent of students were from 
low socioeconomic status backgrounds, 
and 56% came from families where the 
parents have no college experience. These 
are not your typical CS students. In 2017, 
27% of AP CS test takers were female, 5% 
were black and 15% were Latino. Those 

AVID is a global  
non-profit 

organization with 
the mission of 

closing the 
achievement gap  

by preparing  
students for college 

readiness.

Figure 1: Hour of Code in the library at Woodlawn High School



acm Inroads • inroads.acm.org  35

OPINION

percentages are probably the highest for 
diversity that we have ever seen on the AP 
CS exams because of the addition of the 
CS Principles test that year.

The AVID classes that I visited were 
composed of mostly Black and Hispanic 
students and had at least 50% female stu-
dents. Typically these students have been 
tracked for lower-level classes since ele-
mentary school and I found in the majority 
of the classes, the students knew nothing 
about CS. In some schools that have 
offered AP CS A for decades, the AVID stu-
dents had no idea that the class existed. In 
my years of teaching high school, the only 
AVID students I have had in CS A typically 
had been in one of my math classes and 
I encouraged them to take the course, or 
they had previously taken a lower-level 
programming class. I had not advocated 
for enrollment through the AVID program 
prior to this year. 

CS Education Week occurs annually in 
December, conveniently timed to match 
the period when high schools begin enroll-
ment for the following year. Being able to 
introduce AVID students to CS fell together 
with the schools planning their upcoming 
courses. Students were able to look at 
their registration sheets to see which CS 
courses were available to them for the next 
year and some immediately included a CS 
course on their forms. Many schools are 
also offering CS for the first time next year 
and I was grateful to be able to present at 
those schools to promote the courses. I 
have spoken to guidance counselors about 
the three levels of CS courses that we 
offer but being able to speak directly to 
the students and give them some hands-

on experience exceeded what they could 
learn during a guidance appointment. AVID 
teachers can be advocates for CS but they 
often teach one or two sections of AVID 
and are mainly content teachers in other 
areas. A science or social studies teacher 
usually does not know the CS curriculum 
or which courses are appropriate for which 
students.

I chose AP CS Principles as the course 
to promote to the AVID students because 
one of the goals of AVID is for students 
to take the most rigorous course in which 
they can be successful. They are encour-
aged to take honors instead of standard 
courses and by junior and senior year, 
they should be in at least one gifted or 
AP course. The College Board has creat-

ed AP CS Principles to be an entry-level, 
open access course. Students do not need 
prior programming knowledge, they just 
suggest knowledge of basic algebra and 
problem solving and overall confidence 
with written communications. Their intro-
ductory video states that AP CS Princi-
ples “is opening doors for all students all 
around the country to learn computer 
science to tackle real-world problems.” [1] 
Many students who have been tracked as 
gifted their whole lives struggle with AP 
CS A but AP CS Principles is a CS course 
that is rigorous and engaging but without 
the core focus on programming. Students 
learn relevant 21st century skills about 
computing, how information is sent, and 
problem solving. The course can be taught 
by a teacher with any background, not 
just a math or CS background. There are 
numerous, extremely supportive curricula 
that are student-centered and easy for 
teachers to implement. If there is any AP 
course that AVID students can find success 
in, I definitely believe that AP CS Principles 
can be that course.

I expect there will be an increase in CS 
enrollment among AVID students, though 
I won’t have the data to back that up until 
fall 2018. Judging by the enthusiasm I saw 
and by witnessing students writing in a CS 
course on their registration forms I think 
it may be a foregone conclusion. In eleven 
years of trying to increase enrollment in 
general and enrollment by non-traditional 
CS students, I hope that this one is the 
most successful. It is a sustainable way to 
increase enrollment and is a strategy that 
can be used nationwide.  
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New IS Competency: Integrating 
Analytics and AI Capabilities into 
Information Systems

A
nalytics and artificial intelligence 
(AI) continue to offer important and 
still evolving promises regarding a 

brighter future for organizations that use 
these technologies to transform how they 
do business and the individuals who enjoy 
the benefits of the applications. Analyt-
ics promises increased organizational 
efficiency, reduced waste, better matches 
between product or service offerings 
and an individual’s needs, improved 
understanding of various organizational 
stakeholders’ interests, new scientific dis-
coveries, and many other similar advances.  
The anticipated benefits of AI go even fur-

ther in the areas such as faster and more 
reliable transportation with minimal human 
intervention; significantly improved health 
outcomes based on, for example, better 
diagnostic capabilities; and reduced use of 
energy and natural resources. 

Obviously, the two are closely linked— 
in many cases, AI applications specifically 
provide improved predictive and pre-
scriptive analysis capabilities and embed 
continuous learning into the analytical pro-
cesses. Major application areas of AI such 
as autonomous vehicles, computer vision, 
and robotics all are enabled by continuous 
automated analysis of very large amounts 

of environmental data, actions taken 
based on the data, and associated learning 
processes.

Not surprisingly, potential outcomes of 
both analytics and AI have recently occu-
pied the center of discussions regarding 
the promise of computing technology. At 
times, these specialized areas of institu-
tional use of computing appear to be dom-
inant and leave little attention to traditional 
operational and informational information 
systems, which have been the main focus 
of information systems education since the 
beginning of the field of IS. Moreover, infor-
mation systems as a field of study does 
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not have a dominant role in either analytics 
or AI. Instead, statistics and computer 
science vie for a central place in analytics, 
and computer science is the driving force 
underlying AI and its applications.

What is our role as information systems 
faculty members and professionals in the 
world where applications of analytics and/
or AI show more and more promise and 
enable significant changes in organizations? 
Will we continue to have a meaningful place 
in the processes that teach and study the 
ways in which computing transforms orga-
nizations? What are the new expectations 
for our graduates? For example, do we need 
to modify information systems curricula so 
that every one of our graduates is able to 
develop analytics or AI capabilities?

It is clear that both analytics and AI 
should have a major impact on the com-
petencies that our students will be able to 
attain during their studies. Too much of the 
promise associated with computer-based 
systems will be based on these two phe-
nomena for general IS programs to ignore 
them (and there are, indeed, some who 
believe that there is no future any more 
for general IS programs). I would, however, 
maintain that there will be critically import-
ant roles to play also for those IS graduates 
who do not want to become experts in cre-
ating new analytics or AI technologies.

These roles require a solid understand-
ing of these technologies, an ability to 
integrate them effectively to other types 
of information systems components, will-
ingness to learn about the specifics of the 
services that analytics and AI systems pro-
vide, and an ability to communicate with 
analytics and AI specialists. Gaining these 
competencies is not trivial, and enabling 
students to attain them requires actions by 
IS curriculum designers. Still, the compe-
tencies IS professionals need in integrating 
and enabling analytics and AI capabili-
ties into organizational systems are not 
materially different from those needed for 
dealing with other types of technologies.

It is the job of an IS professional to un-
derstand both the human activity that they 
want to support by technology and a set 
of relevant technologies well enough to be 
able to work with both domain experts and 
technology specialists and find the very 
best ways to transform the human activity. 

As always, this requires integration of orga-
nizational process changes, new technolo-
gy solutions, and modified individual roles. 
Figuring out how to transform the human 
activity is, however, not enough—IS profes-
sionals are also asked to structure technol-
ogy development and integration projects 
in an efficient and effective way, source the 
required resources cost-effectively at the 
appropriate quality level, and manage the 
required organizational change processes. 
These have been the expectations for IS 
professionals in project management, sys-
tems analysis, and business analysis roles 
as long as information technology has 
enabled new ways of doing business.

In the context of analytics and AI, IS 
professionals are well prepared to con-
tribute significantly to the design of the 
ways in which human users interact with 
the analytics/AI-driven characteristics of 
the system and decisions regarding the 
division of labor between human experts 
and system capabilities. It is our respon-
sibility as IS faculty members to educate 
our students so that they are able to make 
informed, ethically sound functional design 
decisions that ensure sufficient human 
role in analytics/AI-enabled organization-
al processes. These systems are already 
contributing in a major way to decisions 
regarding employability, insurability, 
creditworthiness, health interventions, and 
other similar areas—IS professionals need 
to be ready to contribute to the decisions 
regarding the boundaries between human 
and computer-based decision making.

Another important foundational com-
petency that IS professionals need is the 
ability to analyze and communicate the 
implications and potential consequences of 

systems that integrate these components. It 
is particularly important in cases when AI-
based components are built deep into the 
structure of the system to understand how 
the newly automated processes will impact 
various stakeholder groups over time. Infor-
mation Systems experts should also be able 
to design systems that allow human users 
to understand the ways in which automat-
ed decision-making changes system and 
organizational characteristics that are truly 
relevant for them. Given the breadth of IS 
professionals’ responsibilities in IT-driven or-
ganizational transformation processes, they 
have a particularly important role to ensure 
that systems as a whole are designed and 
implemented in a way that fundamental 
ethical principles are respected. IS programs 
need to prepare future professionals partic-
ularly well for these roles.

When designed correctly and in an 
ethically sound way, systems based on 
real-time analytics and AI components 
that enable system-level learning have the 
potential for highly beneficial outcomes. 
Conversely, it is also true that if these sys-
tems have been designed poorly or embed 
questionable decision models, the harmful 
consequences can be highly significant. 
That is why it is essential that current and 
future IS professionals have the technical, 
domain, and individual competencies to 
serve as effective members and leaders of 
teams developing analytics/AI-based orga-
nizational solutions and to analyze the true 
impact of these systems. Few educational 
programs address the design issues related 
to the integration of analytics/AI systems 
to general organizational systems—those 
programs that will start to do this early and 
learn how to do it well will have an import-
ant advantage and serve their stakeholders 
well. Have you thought about what this 
integration means for the programs that 
your department or school is offering?  
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Global Software Engineering  
and Scaled Agile: Pushing the  
Boundaries of the Discipline?

W
orking with my colleague Ramesh 
Lal recently—researching develop-
ments in global software engi-

neering (GSE) supported by scaled agile 
development methods [10,11]—has raised 
questions for me about the tunnel vision of 
our curricula. We need a broader road-
map! In this column, the needs of software 
professionals working in large scale agile 
settings are compared to two ACM curric-
ulum models, gaps are identified, and new 
areas of focus highlighted. This is driven by 
the arguable premise that most graduates 
of computer science and software engi-
neering programs are likely to be working 
in software intensive roles and industries. 
So how well are we preparing them for 
those roles? 

The reality of modern software 
engineering practice is that developers 
increasingly work in global settings and 
distributed teams [3,4]. Lean and agile 
practices are becoming more prevalent in 
both local and global contexts [7,18]. The 
rise of ‘scaled agile’ methods [2,11,12,15] 
is now posing new challenges for prac-
titioners. We are seeing increased use 
of cross functional teams and “T-skilled” 
individuals [9] who may have depth in one 
technical specialty (e.g., Java development, 
software architecture, or usability engi-
neering), but an accompanying breadth of 
knowledge to chart roadmaps for products 
and set these skills in a wider context. 
Thus, they may become more broadly 
engaged in collaborative roles, which are 
customer facing and strategy aware within 
the wider enterprise setting. 

Our current curriculum models [1,16] 
typically assume single site activities and 

have a strong focus on the technical as-
pects of the discipline (whether theoretical 
or practical). How well do they address 
these new and evolving needs? Moreover, 
can they, and should they?

While our graduates need to be techni-
cally skilled in these global contexts, they 
need to move beyond their tunnels with a 
more rounded set of capabilities. Elements 
determined to be essential knowledge for 
software engineers have been identified 
in the Software Engineering Education 
Knowledge (SEEK) section of the SE 2014 
curriculum model [16]. Yet there is nothing 
specifically addressing global aspects of 
professional practice, and only limited 
coverage of the connections of software 
development activity to business or 
product strategy within an organization. 
With its highly technical focus, the CS 2013 
curriculum [1] has far less coverage (e.g., 
eight curriculum hours allocated to HCI, 

three hours to software process, two hours 
to software project management and 
four hours to requirements engineering). 
Referring to global software engineer-
ing, Matthes [10] in 2011 had observed 
that universities were struggling with the 
challenges:

When considering the personal 
requirement today’s software 
engineers are facing in their daily 
work life, it is surprising to see that 
teaching GSE at universities is still in 
its infancy.

When we ourselves looked specifically 
at GSE Education courses [4], we saw that: 

GSE-Ed is found to teach students 
technical aspects of development 
but is still falling short in 
teaching them the many project 
management, interpersonal and 
leadership skills required to manage 
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the more complex coordination and 
collaboration processes that are an 
integral part of GSE.

Yet these are not simply narrow job 
related capabilities. These missing skills 
would better equip them for a dynamic 
future as adaptable and aware global 
citizens, and enable them to function ef-
fectively in a complex professional setting. 
Driving these needs, there are some critical 
underlying trends that characterize the 
incipient combination of global software 
engineering and scaled agile methods. 
First—the need to work globally and cope 
with the challenges of global distance (cul-
tural, temporal, and geographic) that poses 
[5,14]; second—the need to work in a more 
value driven context, where the purpose 
of the enterprise, the goals of the custom-
ers, and the focus of the software need to 
more tightly align [6,10]; and third—the 
concurrent need for developers to be more 
proficient with working in multi-skilled 
teams, collaborating with customers and 
colleagues across the enterprise [11]. 

The scaling of agile methods now opens 
an opportunity for software developers to 
become a more integral part of their enter-
prises, especially in vendor organizations, 
contributing as innovation partners to the 
start of the requirements pipeline, through 
product strategy, vision, roadmaps, 
prioritization, conceiving feasible design 
solutions, thus serving customer needs 
and addressing their customer experience 
through implementing well targeted, high 
quality, working software through regular 
releases. This moves computing well be-
yond the notion of mere problem solving 
where “students apply their knowledge 
to specific, constrained problems and 
produce solutions.” [17] For in that myopic 
model of the discipline or profession, 
the problem-posing and problem-fram-
ing does not include the input of skilled 
software engineers, who of necessity must 
relegate those responsibilities to others. In 
turn, higher level managers dismissively ig-
noring the input of technical experts in the 
developing of software intensive products 
and services has caused waste and failure 
in many projects [11]. 

The evolving nature of professional 
practice in GSE, now demands explicit 

awareness of the following new dimensions: 
1) the tight interrelationship between soft-
ware process, practices, and roles brought 
about by lean and agile approaches; 2) 
strategies and techniques for effective 
global collaboration; and 3) an appreciation 
of the interactions between software and 
business functions, processes and personnel 

demanded by enterprise forms of agility. So, 
I argue here that these higher-level portfolio 
and program level topics, which move the 
notion of agility beyond the team level, in 
combination with approaches to multi-
skilled and global team collaboration, need 
to be incorporated into computing curricula. 
This charts a new roadmap for computing 
curriculum models!

We need more broadly educated, yet 
technically able, graduates. Those who can 
see the broader purpose and take global 
leadership roles in partnership with other 
stakeholders in their enterprises will have 
more to offer and have a stronger chance 
of survival in tomorrow’s shifting global 
settings. Such graduates will not only be 
more effective and contributing citizens, 
but better equipped to deal with the reali-
ties of their professions. We owe it to them 
to both deepen and broaden our curricu-
lum to better face these challenges.   
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Standard analysis of computer science degree data focuses 
on the percentage of degrees earned by women and 

men respectively, or on the percentage of degrees earned 
by racial and ethnic minorities respectively. This analysis 
is inaccurate because the groups involved are not the same 
size and their sizes have changed over time. Longitudinal 
comparisons are relevant only if statistics are computed 
separately for each cohort, examining the percentage of 
each cohort’s degrees earned in CS. The numerator should 
be the number of degrees earned in CS by a cohort, while 
the denominator should be all degrees earned by that 
cohort, not all degrees earned within the field.

INTRODUCTION
Seemingly every article about women in computer science 
(CS) employs a type of gender analysis that reports the per-
centages of overall CS degrees that are earned by men and by 
women respectively. Similar analysis is reported for the per-
centage of overall CS degrees that are earned by students in 
each racial and ethnic demographic category. The 2015 report 
published by the American Association of University Women 
[3] is one example of this approach. Addressing the intersec-
tion of gender, race, and ethnicity, they report that “Although 
black, Hispanic, American Indian, and Alaska Native women 
together made up 18 percent of the population ages 20-24 in 

1  All degree analysis presented in this paper is based solely on United States data on 
citizens as provided by the National Science Foundation (NSF) [7] via WebCASPAR, 
working with the NSF Population of Institutions and the Academic Discipline 
“Computer Science.” Race and ethnicity data are based on the IPEDS Completion 
Survey by Race. Overall population data are from the US Census Bureau [8]. The data 
are organized in two gender categories (men, women) and five Federally stipulated 
race and ethnicity categories: American Indian and Alaska Native, Asian and Pacific 
Islander, Black non-Hispanic, Hispanic, White non-Hispanic.

2013, they were awarded just 6 percent of computing…de-
grees conferred that year.” Similarly, “Women in the United 
States earn approximately a fifth of all computing degrees.” 
Virtually every discussion of women’s degrees in computing 
[e.g., 6] discusses the widening gender gap among CS majors, 
particularly the fall off from 1984, when women earned 37% 
of CS degrees, to the present when women earn 18-20% of 
those degrees. 

This analysis of degree data, based on the percentage of to-
tal CS degrees that is earned by a specific group, is inaccurate 
and cannot be used for longitudinal comparison. It would be 
accurate and relevant only if the underlying population demo-
graphics were completely static and the groups were always of 
equal size, but that is not the case within the U.S. There have 
been significant changes in the overall size and composition of 
the undergraduate student population. The undergraduate pool 
has grown and women, who in 1966 received 42.6% of all bach-
elor’s degrees, now receive 56% of bachelor’s degrees.1 Race and 
ethnicity cohorts have never been of equal size, and, as Table 1 
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COHORT ANALYSIS
As described above, disciplinary analysis has been carried out 
against a shifting data set. There has been significant growth 
in the size of the undergraduate population in the U.S., as well 
as shifts in the composition of that population. Therefore, rele-
vant, useful, comparable data come from examining the extent 
to which each subpopulation is pursuing computing. In other 
words, the percentage of all women’s degrees that are earned 
in computing is a more useful and comparable statistic than is 
the percentage of all CS degrees earned by women. This by-co-
hort approach makes it possible to do a longitudinal analysis 
of a field’s attractiveness for a specific demographic. Similar-
ly, examination of the percentage of men’s degrees earned in 
CS gives a more accurate basis for comparing the two gender 
cohorts. When the focus is on the percentage of CS degrees 
earned by women, no information is provided about how at-
tractive the field is to men since they are simply viewed as mak-
ing up “the rest” of the degrees. Similarly, a by-cohort analysis 
of degrees earned in CS by students in each race and ethnicity 
cohort gives an accurate way to compare the attractiveness of 
the field across different student populations. The analysis pre-
sented here is quite narrow, focusing largely on the change in 
perspective about representation in CS brought about by a shift 
to the by-cohort analysis. There are, however, many factors that 
go into choices students make about major discipline, includ-
ing a host of social, political, and economic issues. Computer 
scientists are not necessarily equipped to fully analyze factors 
such as, for example, the concept of “personnel economics” and 
its impact on working conditions and salaries that has been ex-
plored by Claudia Goldin [4]. 

GENDER
Figure 1 shows the usual analysis of women’s CS degrees as a 
percentage of all CS degrees. For context, note that women 
earned 17.7% of all CS degrees in 2015 (8,765 degrees out of 
49,279 total), while in 1984 women earned 37.2% of all CS de-
grees (12,066 degrees out of 32,435 total). Contrast the stan-
dard analysis of Figure 1 to that shown in Figure 2 and Figure 
3. Figure 2 shows the percentage of women’s degrees that are 
earned in CS, while Figure 3 shows this information for both 
women and men (percentage of each cohort’s degrees that are 
earned in CS). There was relatively slow growth in CS degrees 
prior to 1980 as it took time for interest to ramp up once CS 
became a college major and schools began to add it to their 
offerings. After 1980, other than the period 1984–1988, women 
have earned CS degrees at a rate that ranges between 0.65% 
to 2% of all women’s earned degrees. By 1983, however, men 
had crossed the 3% line and have stayed above that through the 
dip in the 1980s and through the dot-com boom and bust cy-
cle of the 2000s. Particularly striking in the comparison of the 
two gender cohorts is the period since 2000. Men earned 5.52% 
of their degrees in CS in 1986, returned to that level (5.84% in 
2001), stayed high through 2006, and were back to 5.3% in 2015. 
Women, by contrast, have not come anywhere close to their 
1986 high of 2.97%. The increased interest encouraged by the 

shows for the recent period, have also changed in relative dis-
tribution across the population, most notably for the White and 
Hispanic cohorts (note that in all tables of race and ethnicity 
data the columns do not sum to 100% as data are omitted for 
“multiracial, not Hispanic” and “Resident, ethnicity unknown”). 
Therefore, longitudinal data can never be accurate and compa-
rable if based on the standard “percentage of degrees earned in 
the field” analysis. 

This approach must be replaced with an analysis that is car-
ried out separately for each demographic cohort, looking at 
the percentage of cohort degrees that are earned in a specific 
discipline and using as a denominator all degrees earned by 
that cohort. For computer science, specifically, a by-cohort 
analysis of degree attainment counters longstanding views 
on the distribution of computer science degrees by gender 
and by race and ethnicity, showing more accurately the ac-
tual changes in degree attainment by different demographic 
groups. The by-cohort analysis indicates that underrepresen-
tation of women in computing is more serious than indicat-
ed in the by-discipline view. Furthermore, blanket assertions 
about underrepresentation of racial and ethnic minorities, 
based on national aggregate data, hide what may be signifi-
cant underrepresentation within specific regions, institutions, 
and departments. As will become clear below, representation 
must be reconsidered in more ways than just the focus on un-
dergraduate CS degree attainment, with a goal of understand-
ing various manifestations of underrepresentation across the 
school to career pipeline.

For example, given the overall shift in gender demograph-
ics of the undergraduate pool, there would be a problem today 
even if women’s percentage of CS degrees had stayed steady at 
37% (the 1984 high point). As women became a majority of the 
baccalaureate pool, if they attained CS degrees at a steady rate 
they would have earned a higher percentage of overall degrees 
in CS. Instead there has been a shift from the high of 37% of CS 
degrees in 1984 to 17.8% in 2015, but the standard analysis does 
not give any indication of the concomitant change in rate of CS 
degree attainment by women as a cohort. The degree to which 
the field is or is not attractive to women is masked by use of the 
by-discipline analysis because it does not account for the larger 
demographic changes. Similarly, longitudinal analysis by race 
and ethnicity of CS degrees earned within a field suffers the 
same mathematical issue because it does not account for the 
change in overall demographics of the U.S. 

Table 1: Race & Ethnicity as percentage of US population 

2010 2011 2012 2013 2014 2015 2016

White 64.7 64.2 63.7 63.3 62.8 62.3 62.0

Black 12.2 12.2 12.2 12.2 12.2 12.3 12.3

Native 
American 0.7 0.7 0.7 0.7 0.7 0.7 0.7

Asian 4.8 4.9 5.0 5.0 5.1 5.3 5.4

Hispanic 15.7 16.1 16.4 16.6 16.9 17.1 17.3

http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=41&exitLink=http%3A%2F%2Finroads.acm.org
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dot-com boom led to 1.94% of women’s degrees being earned in 
CS, followed by a steep drop off down to 0.65% in 2010. There 
are signs of recovery, with a small increase to 0.86% in 2015, but 
women are still very far from their previous maximum and are 
nowhere near earning degrees in CS at the same rate as do men.

To better understand the different perspective provided by 
cohort analysis, consider two scenarios. First, what percent-
age of women’s degrees would need to be earned in CS for 
women to, once again, attain their former maximum of 37% of 
all CS degrees? To answer this, assume no change in the num-
ber of men’s degrees and no change in their level of interest in 
the field. In 2015, the last year for which there is Federal data, 
men earned 40,514 CS degrees. If those were to represent 
63% of the total (rather than 82% of the total, which was the 
case in 2015), there would have to have been a total of 64,307 
degrees, with 23,793 of those earned by women. Assuming 
a redistribution of women’s degrees, rather than an increase 
in women’s overall degrees, these degrees would be 2.34% of 
all degrees earned by women in 2015. This would represent a 
return to the degree attainment rates of the 1984-1987 high 
point for women, or a significant increase over the 0.86% of 
women’s degrees that were earned in CS in 2015. This is un-
surprising considering that in 2015 the percentage of men’s 
degrees that were earned in CS (5.3%) is also very close to 
their 1987 rate of 5.37%. 

For the second scenario, consider the degree situation if 
women earned CS degrees at the same rate as men, relative to 
gender cohort. What would this mean for overall CS degrees? 
In 2015, 5.295% of men’s 765,132 undergraduate degrees were 
earned in CS. If the same percentage of women’s 1,015,237 de-
grees were earned in the field, they would earn 53,757 CS de-
grees. A total of 94,271 CS degrees would have been earned, 
rather than 49,279, with 57% earned by women, in line with 
their overall proportion of the undergraduate population. This 
would represent a 91% increase in the overall number of CS 
degrees earned in that year. Of course, this kind of growth could 
happen only with significant capacity increases at colleges and 
universities and a shift in the academic choices made by wom-
en. There is considerable documentation of the capacity and 
staffing crises that are already being faced given the current 
increase in demand for courses in computer science [2,6], and 
concern about how those crises will impact diversity in CS [2]. 
Furthermore, the relatively modest changes in women’s CS de-
gree attainment in the past suggest that we should not expect 
to see a dramatic sudden shift in women’s academic choices.

RACE AND ETHNICITY
Race and ethnicity in CS can also be reanalyzed based on co-
hort. The standard view, seen in Figure 4 and Figure 5, shows 
that the distribution of CS degrees across race and ethnicity 
groups tracks closely to the overall distribution of college de-
grees. (The data used for this analysis starts in 1995, reflecting 
a change in the way NCES (National Center for Educational 
Statistics [7]) categorizes race and ethnicity. Prior data does not 
correctly correlate with overall degree totals). 
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Figure 1: Women’s CS degrees as a percentage of all CS degrees.
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origin of the notion of “underrepresented minorities in com-
puting” since there is a large gap between the percentage of CS 
degrees awarded to White students and the percentage of de-
grees awarded to all other groups. Yet this is also a situation in 
which the cohorts themselves are of vastly different sizes which 
is why degree attainment should be examined separately for 
each cohort. This mechanism is particularly useful for identify-
ing situations in which a cohort is relatively over- or under-rep-
resented in CS degrees.

Figure 7 shows CS degrees for each race and ethnicity co-
hort, computed as a percentage of total college degrees earned 
by that cohort, over the 1995-2015 time span. The 2015 data 
also appear in the final column of Table 2. In other words, as 
an example, this shows CS degrees earned by White students 
as a percentage of all degrees earned by White students, and 
similarly for each race and ethnicity group. This better contrasts 
each demographic group’s percentage of the overall CS degrees 
and the cohort’s CS degrees as a percentage of the cohort’s total 
college degrees. The data clearly indicate that in 2015 students 
from all race and ethnicity groups except Asians earned CS de-
grees at roughly the same rate. Figure 7 also shows that the dot-
com boom and bust in the early 2000s had a very significant 
impact on interest in CS on the part of Asian students, while 
the impact on White and Hispanic students was more modest. 
By 2015 all groups had returned to a degree attainment rate that 
exceeded the 1995 rate, except for Black students. While their 

Table 1 provides seven years of overall race and ethnicity de-
mographics of the US (single race only). Table 2 shows the 2015 
data for each cohort with percentages of overall population, of 
college degrees, and of CS degrees (note that the college de-
gree and CS degree data do not include those degrees earned 
by non-citizens). These data are also repeated in Figure 6, show-
ing graphically that for all cohorts other than Asians the per-
centage of both college degrees and CS degrees is less than the 
group’s percentage of the overall population. For Asians both 
the percentage of college degrees and the percentage of CS de-
grees are greater than the percentage of the overall population. 
The standard by-discipline view also shows that CS degrees are 
earned at a rate largely consistent with overall college degree 
attainment, except in the case of Asians which earn CS degrees 
at a significantly higher rate. As is the case for gender cohorts, 
this standard within-discipline data analysis does not actually 
compare the extent to which cohorts of students choose CS as 
an area of major study. This analysis may explain, however, the 
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Figure 5: All CS degrees, by Race & Ethnicity Category

Table 2: Comparison of Cohort Degree Data, 2015 only

Cohort % of US 
population

% of 
College 
Degrees

% of all  
CS degrees

Cohort CS 
degrees as 
percentage 
of all cohort 

degrees

White 62.3 60.8 55.4 2.52

Black 12.3 9.09 8.3 2.52

Native Am 0.7 0.49 0.39 2.23

Asian 5.3 6.8 12 4.89

Hispanic 17.1 11.76 9.58 2.25
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Figure 6: Race and Ethnicity - US Population and Degrees
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dot-com bust. For example, in 1995 Black women earned 2.3% of 
their degrees in CS. This rose to 3.5% in 2003, and then fell con-
tinually for the next 12 years, reaching 1% by 2015. In the same 
time span, CS degrees earned by Hispanic women rose from 
1.1% in 1995 to 1.7% in 2003, and then dropped to 0.57% by 2010 
and have been between 0.6% and 0.65% since. In general, for 
both men and women there is a visible difference in CS degree 
attainment across race and ethnicity cohorts prior to the dot-
com bust. This was followed by a period during which all race 
and ethnicity groups were much closer in terms of pursuit of CS 
degrees, and they have remained this way except for Asians who 
have started to recover (men starting in 2011, women in 2012). 

These data call into question the validity of blanket assertions 
about underrepresentation. While nationwide data indicate that, 
in aggregate, most race and ethnicity cohorts are earning CS de-
grees at the same rate relative to cohort, this can mask the fact 
that there may be significant underrepresentation within specif-
ic institutions and departments. It also suggests the importance 
of looking at representation in more ways than just to focus on 
undergraduate CS degree attainment. Two areas of concern are 
preparation for college study and what happens after college grad-
uation. While outside the scope of this paper, one possible avenue 
of analysis would be an examination of high school enrollments 
and outcomes in the largest school systems in the country. For ex-
ample, in New York City the race and ethnicity demographics and 
gender demographics at the specialized high schools in no way 
mirror the larger demographics of the city [1]. There is significant 
underrepresentation of Black and Hispanic students, and women 
make up 42% of the population in the specialized high schools 
while they are 60% of the high school population at large. These 
high school experiences can affect both the subsequent decision 
to attend college and the choice of major discipline in college.

Given that undergraduate CS degrees are being earned at 
roughly the same rate, relative to cohort size, for all but Asians, 
additional data examination is necessary to discern differences in 
the subsequent pathways to graduate study and industry positions. 

2015 degree attainment rate is comparable to that of all other 
groups except Asians, it is lower than their 1995 rate. Note that 
the raw data for Native American students involves relatively 
small numbers compared to the values for other cohorts.

It is also interesting to examine CS degrees by gender within 
each race and ethnicity category. Specifically, for example, what 
percentage of degrees earned by Black women are in CS, what 
percentage of degrees earned by Asian men are in CS? These 
data are presented in Figure 8 for women and in Figure 9 for 
men. Note that the y-axis in Figure 9 is extended as degrees 
earned in CS by Asian men as a percentage of their total de-
grees are notably higher, at 15%, than the comparable figure for 
Asian women or for Asian students overall.

Data broken out by gender along with race and ethnicity show 
the severe dampening of women’s pursuit of CS degrees after the 
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Figure 7: CS Degrees as Percentage of Degrees earned by race and 
ethnicity cohort
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of overall CS degrees, for comparison with the PhD enrollment 
and degree data. Note that this is a standard by-discipline analysis 
and the PhD data still do not mirror the undergraduate CS de-
gree distribution. For example, 3.31% of enrolled PhD students in 
2015 were Black, 2.64% of those awarded CS PhDs in 2015 were 
Black, while 8.6% of undergraduate CS degrees in that year were 
awarded to Black students. The data on PhD enrollment and PhDs 
awarded, especially when contrasted with the undergraduate de-
gree data, show that much work must be done to better balance 
these demographics. The Asian cohort is significantly overrep-
resented, relative to its proportion of the overall population and 
proportion of undergraduate CS degrees, while Black and His-
panic cohorts are significantly underrepresented in terms of PhDs 
awarded. These issues should be addressed by both PhD-granting 
departments and by the undergraduate institutions that are pre-
paring students to advance to graduate study.

CONCLUSION AND FUTURE DIRECTIONS
The by-cohort analysis of degree attainment accounts for differ-
ence in cohort sizes, providing an opportunity for us to re-exam-
ine longstanding views on the distribution of computer science 
degrees by gender and by race and ethnicity. The data on gender 
clearly confirm that women’s degree attainment in CS not only 
lags that of men but has been much more significantly impacted 
during each boom and bust cycle of CS enrollments. Figure 10 
shows a by-cohort analysis of men’s and women’s degrees across 
several STEM fields: biology, CS, engineering, math, physical sci-
ences. Psychology is included for contrast. As a discipline it is 

If CS degree rates parallel the overall population demographics, 
does that trend carry over to industry and to graduate study? Sadly, 
the answer is “no” based on employment data from the U.S. Equal 
Employment Opportunity Commission 2016 report “Diversity in 
High Tech.” [11] This report is based on 2014 data from the Em-
ployer Information EEO-1 Report. This report may overestimate 
representation, when compared to single company reports from 
major Silicon Valley firms, because it considers an industry to be 
high tech if at least 25% of the total jobs within the industry are 
identified as “technology-oriented workers.” [11] It also encom-
passes a larger set of job categories than would likely be included 
if looking only at major companies in the computing field such as 
Apple, Facebook, Google, and Microsoft. The EEOC further di-
vides high-tech employment into two sub-categories: Profession-
als2 and Technicians.3 Table 3 shows 2014 data for each race and 
ethnicity category, including percentage of the US population, of 
all college degrees, of all CS degrees, and the employment data. 
Employment across all private industries is relatively close to per-
centages of the overall population. Yet there is a dramatic shift in 
the data for high tech industries. For the Black and Hispanic co-
horts, employment in the tech sector is significantly below overall 
population figures, below attainment of college degrees, and below 
attainment of CS degrees, while for Asians employment is signifi-
cantly higher than both population and degree attainment. These 
gaps widen further for the Professionals category which includes 
software development and other CS-oriented jobs. 

Given that each cohort, except Asians, earns CS degrees at 
the same rate relative to cohort size, these disparities should not 
exist. One would expect from the degree data that employment 
in the tech sector, particularly in the Professionals sub-category, 
would mirror the distribution of CS degrees.

An analysis of data for PhD production [13], in Table 4, also 
shows disparities between cohorts. Note that columns do not 
sum to 100% as data are omitted for “multiracial, not Hispanic” 
and “Resident, ethnicity unknown.” While “multiracial, not His-
panic” are included in the total degree and enrollment counts, 
“Resident, ethnicity unknown” and those students whose residen-
cy is unknown are not included since their citizenship status is 
not known (and all other degree data reported here is for citizens). 
Undergraduate degree attainment data is included, as percentage 

2  EEOC includes in this category computer programmers, software developers, web 
developers, and database administrators.

3  EEOC includes in this category electrical and electronics engineering technicians, 
electro-mechanical technicians, medical records and health information technicians.

4  Although CRA Taulbee Survey data is available for 2016 and 2017, the 2015 data are 
used here as that is the last year for which there is also NCES undergraduate data.

Table 3: Demographic discipline data and employment statistics, 2014 only

Race and 
Ethnicity 
Category

% of US 
Population 

% of College 
Degrees

% of CS 
Bachelor’s 
Degrees

% All Private 
Industries

% High Tech 
Industries

% 
Professionals

% 
Technicians

White 62.8 62.06 57.03 63.47 68.53 68.03 68.58

Black 12.2 9.11 8.6 14.38 7.4 5.27 9.01

Native Am 0.7 0.52 0.4 0.56 0.42 N/A N/A

Asian 5.1 6.7 11.1 6.2 14.38 19.49 9.68

Hispanic 16.9 11.1 9.32 13.86 7.97 5.28 10.23

Table 4: Graduate school demographics, 20154

Race and 
Ethnicity 
Category

% of US 
Citizen CS PhD 

Enrollment

% of US Citizen 
CS PhDs 
Awarded

% of CS 
Bachelor’s 
Degrees

White 69.4 73.36 55.41

Black 3.31 2.64 8.31

Native 
American 0.86 0.35 0.39

Asian 20.38 17.2 12.05

Hispanic 4.5 4.4 9.58

http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=45&exitLink=http%3A%2F%2Finroads.acm.org
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and impact of these differences in degree attainment, and their 
economic and social implications. Women’s underrepresentation 
manifests as well in high tech industries where they hold 31.89% 
of jobs categorized as Professional and 23.74% of jobs categorized 
as Technician [11]. Data tend to be slightly worse at leading tech-
nology companies which likely have a narrower range of positions 
from the Professional category. For example, Google’s 2017 glob-
al hiring for positions that would be considered Professional was 
24.5% women, bringing that part of their workforce to 21.4% wom-
en [5]. While a focus on numbers of majors has some merit, the 
current situation suggests that we may need to look more close-
ly at the pathways of students, many of them women, who study 
some amount of computer science but do not major in it. Given 
the ubiquity of computing across fields, the development of new 
interdisciplinary areas of study and research, and the distribution 
of women’s degrees across academic areas, perhaps it is time for a 
deliberate effort both in the academy and in industry to place high-
er value on interdisciplinarity and transdisciplinarity [9]. 

The analysis of data by race and ethnicity provides the founda-
tion for a new narrative about CS degrees earned by different race 
and ethnicity cohorts. While most race and ethnicity cohorts, as 
of 2015, earn undergraduate CS degrees at the same rate as the 
percentage of total degrees earned by the cohort, there are signif-
icant representation disparities in subsequent graduate study and 

categorized differently at various institutions, sometimes as a so-
cial science, sometimes as a science, and has a gender breakdown 
that is completely opposite of the other STEM fields. While there 
is not room here to do a complete analysis of these and other dis-
ciplines, the data show that women earn math degrees at about 
the same rate as CS degrees (less than 1% of women’s degrees 
every year since 1996) but that men also earn math degrees at a 
very low rate. Women’s degrees in physical sciences have never 
exceeded 1% of all women’s degrees and, again, men’s degrees are 
earned at a comparably low rate. Women’s engineering degrees 
have been over 1% of women’s degrees steadily since 1979, over 
2% during the period 1984-1988, and were 1.97% in 2015. Men’s 
engineering degrees, however, outstrip their degrees in all other 
STEM fields. Women’s biology degrees, which were already over 
3% of women’s degrees in 1966 when the NSF data starts, have 
climbed steadily, reaching 8.24% of all women’s degrees in 2015, 
while men now earn biology degrees at a comparable rate (7.68% 
in 2015). To put additional perspective on this data, in 2015 wom-
en’s humanities degrees comprised 10.63% of all women’s degrees 
(a steady decline since 1966) and men’s humanities degrees were 
9.48% of all men’s degrees. Women’s overall STEM degrees (not 
including Psychology) were 13.16% of women’s degrees while 
men’s overall STEM degrees were 27.4% of their degrees. 

More work is necessary to better understand the reasons for 
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in the work force. Examining the data in this way indicates which 
student groups may need to be better prepared for the industry 
careers and graduate study that can follow their undergraduate 
CS degree, and the tech industry also must examine hiring prac-
tices. In addition, new research directions are suggested by the 
by-cohort analysis. As mentioned above, there must be a thor-
ough examination of the gender demographics and race and eth-
nicity demographics of college preparation in various high school 
programs. To the extent that data are available, there should be 
an examination of the intersection of race and ethnicity with so-
cio-economic standing. One element of this could be a study of 
trends along race and ethnicity lines in attendance at two-year 
institutions and at the transfer rate of students from two-year 
institutions into 4-year CS programs. In general, as cohort sizes 
continue to shift within the U.S., longitudinal by-cohort analysis 
will enable both identification of changes in long term participa-
tion in computing and improved understanding of factors that 
impact student success after graduation.  
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Pursuing the Vision  
of CS for All: Views 
from the Front Lines
By Carol Tate, Julie Remold, and Marie Bienkowski,
SRI International

Headlines in the popular press like “How Silicon Valley 
Pushed Coding into American Classrooms” [8] and 

“Who Benefits from the Push to Teach Every Kid to Code? 
Tech Companies for One” [7] characterize computer 
science education initiatives as strictly top-down private-
sector efforts to get public schools to prepare their future 
workforce. In our work, which includes field research with 
educators bringing computer science to K-12 settings, we are 
hearing a very different story about teachers advocating—
sometimes doggedly—for computer science instruction. 
Their motivations have less to do with providing workers for 
the tech industry than with promoting equity and personal 
empowerment in the digital age. The voices of these teachers 
provide insight on current drivers and barriers to adoption 
of computer science in K-12. 

INTRODUCTION
As consensus builds in the United States around the importance 
of providing computer science experiences for all students, var-
ious projects have launched with the goal of introducing com-
puting to student populations who are underrepresented in the 
workforce. Funding has come from U.S. federal agencies (most 
notably the National Science Foundation), philanthropies, and 
technology companies. To learn about the landscape for K-12 
computer science education, Google for Education and Gallup, 
Inc. have partnered to conduct surveys of teachers, parents, 
principals, and superintendents. Their results [2,4,5,6,9] reveal a 
diversity of viewpoints, even within these specific roles [9]. This 
national survey work identified supports and hindrances to ex-
panded computer science opportunities in schools, but the pic-
ture is incomplete without in-depth, qualitative data to shed light 
on the context and the mechanisms behind the identified trends.

SRI Education (a Division of SRI International) has been 
researching K-12 computing interventions for many years in 

various contexts. We are currently involved in several research 
and evaluation projects related to scaling access to computer 
science in middle and high schools in multifaceted ways. In 
this work, we have heard, first-hand, about the ambitions and 
frustrations of teachers and education leaders working to bring 
introductory computer science courses to schools where it has 
not been previously offered. Through teacher surveys, in-depth 
interviews with teachers and school leaders, and observations 
of teacher professional development, we have learned about the 
challenges these teachers encounter. Our data, while prelimi-
nary, does offer insight into some of the contextual factors that 
affect uptake of these introductory courses. More important-
ly, it refutes the common perception of ‘top down’ reform and 
brings into sharp relief the role teachers are playing as champi-
ons for computer science in their schools.

The details we report come from projects (listed below in 
Table 1) that take place in diverse settings, including urban, ru-
ral, and reservation lands, and include both public and charter 
schools. As part of our work on these projects, we have inter-
viewed teachers throughout the school year, observed profes-
sional development, and interviewed administrators. 
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The concerns we heard are consistent with Google-Gal-
lup’s finding of the low-priority status for computer science in 
schools; the status is seemingly unaffected by strong support 
among both principals and parents. Sixty-two percent of prin-
cipals surveyed either agree or strongly agree that computer sci-
ence should be a required course where it is offered [9] but few 
parents responding to the survey reported having approached 
school officials to specifically express support for computer sci-
ence in the classroom. Furthermore, educators do not report 
that computer science is a priority at their school or district [9]. 

We found that in the case of some of the schools in the TFA 
project, course adoption rested on the initiative of a single indi-
vidual. One teacher told us, “Most teachers at my school get the 
opportunity to pitch an elective that they are passionate about, 
any subject they want to introduce to kids. I use that as an op-
portunity to learn alongside my students. Computer science 
has been my elective for the past three years.”

Teachers sometimes characterize principals as reluctantly 
agreeing to “let them teach” computer science. Teachers may strike 
a bargain, agreeing to teach other courses if they can introduce 
computer science courses—“My principal asked me, ‘What’s it go-
ing to take for you to stay?’ and I told her ‘I need personal growth, I 
want to do something the kids need,’ and she said ‘Okay, we’re doing 
this.’ ” A teacher from an urban school relates, “The deal was, I could 
teach computer science if I taught four other self-contained classes, 
so I teach math, personal finance, science, and computer science.”

FITTING CS INTO THE CURRICULUM 
As states and districts move to bring computer science learn-
ing to more students, many questions arise about where and 
how to place computing within the curriculum. Should it be 
an elective or required? A stand-alone course or integrated 
into other existing classes? What department (or track, such 
as career and technical education) should ‘own’ computer 
science, and what kinds of credit should it confer? What cer-
tification should be required for teachers? How should stu-
dents be selected or recruited for computer science courses, 
especially to encourage all students to participate? 

Strategies for promoting expansion of computer science 
have varied. The CS3 project and the Teach for America 
(TFA) initiative, which focus on the Exploring Computer Sci-
ence (ECS) curriculum in high schools, reflect the belief that 
creating courses that fulfill key graduation requirements will 
expand participation among underrepresented groups. The 
oDREAMS project targets middle school students and has 
long employed a strategy of providing curriculum modules 
that can be combined to create a standalone computer science 
course or can be incorporated into existing courses in a vari-
ety of disciplines to spark students’ interest and confidence in 
studying computer science.

TEACHERS AS CHAMPIONS
Teachers that we spoke with noted that although their adminis-
trations were mostly supportive of computer science, the adop-
tion of introductory computer science was often the result of 
a lone teacher or an individual administrator’s initiative. We 
heard concern from teachers that the program would not sur-
vive if that key person were to leave the school. 

“Although we currently have 
supportive administration, the 

program is built around  
individuals and not around systems. 

I worry about the future of the 
program if a strong system isn’t 

created to support it.”

Teacher from a Navajo school

“My principal asked me,  
‘What’s it going to take for you  

to stay?’ and I told her  
“I need personal growth, I want  

to do something the kids need…”

Teacher from a rural school

Table 1: Projects that provided data for our work.

Project Overviews

Computer Science in Secondary Schools  
(CS3, NSF award number 1418149)

CS3 investigates the impact of the introductory Exploring Computer 
Science course on student computational thinking outcomes. Our 
work on this project includes student assessments, teacher surveys, 
interviews, and classroom observations in participating classrooms 
during the 2016-17 and 2017-18 academic years.

Prioritizing & Expanding Access to Computer Science Instruction in 
High-Needs High Schools (evaluator for NSF award number 1418149)

This project leverages Teach for America’s nationwide professional 
learning networks to expand the pool of high school teachers qualified 
to offer computer science courses at high-needs schools. As external 
evaluators for the project, we focus on the experiences of teachers 
and administrators promoting access to equitable computer science 
courses in schools. 

oDREAMS: Promoting Computational Thinking through Game & 
Simulation Design

Led by researchers at the University of Colorado, this project trained 
teachers to implement curriculum modules that engage students 
in game design and simulation building using the AgentSheets and 
AgentCubes programming environments.

http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=49&exitLink=http%3A%2F%2Finroads.acm.org
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frustrated teacher lamented, “Support for the course seems to 
be nonexistent with the current principal.”

Another important, but sometimes under-recognized, issue 
for achieving equity is the need for social support. The Goo-
gle-Gallup survey found that girls were less likely than boys to 
be encouraged by teachers or parents to study computer sci-
ence. The beliefs and attitudes that teachers and counselors 
communicate to students can also dissuade students from en-
rolling. We heard reports from TFA teachers of girls being ac-
tively discouraged by school personnel from taking ECS.

These beliefs and attitudes show why it will take more than 
new policies to effect change; in some schools, a culture of 
low expectations and biases regarding who can be successful 
in computer science is pervasive. Programs like the National 
Center for Women & Information Technology’s Counselors 
for Computing program are examples of deliberate efforts to 
support new attitudes. Teachers see that getting more girls into 
computer science classes depends on making a personal con-
nection with them. As one teacher said, “It’s about talking to the 
students.” Fighting stereotypes and advocating for their subject 
becomes one more layer of responsibility on top of the usual 
challenges of teaching in a high-needs population. “That is the 
battle I am fighting,” one TFA teacher told us. Projects focused 
on addressing teacher beliefs as a way to fight stereotypes may 
have limited impact on access to the field unless they find ways 
to influence the expectations of other key school personnel.

Various policy issues, such as how the state decides to clas-
sify CS courses for credit (e.g., as math or career technical ed-
ucation), can also restrict access. Whether the class counts as a 
career/technical credit or a college preparation credit can exert 
a big influence on who enrolls, who can teach the course, and 
how it is taught. One teacher explained that, “We beefed up the 
algorithm unit because of it counting as math...with Scratch they 
added math about how they move around the screen.” Classify-
ing introductory computer science as a career/technical class can 
boost enrollment among target populations but may disqualify 
potential teachers who do not hold the necessary certifications. 
It may also fuel debate over course content and goals. Several of 
the introductory computer science courses that are popular, such 
as ECS, have academic goals and pedagogy that conflict with the 
skills-based approach of most career/technical courses.

We learned of instances where introductory courses are po-
sitioned as lower-track classes or offered as a club which is un-

BARRIERS TO IMPLEMENTATION
The Google-Gallup study reports that an oft-cited barrier to of-
fering computer science in high schools is the lack of qualified 
teachers. Our observations accord with this—we have found 
that even when a course is in place, it is difficult to sustain when 
key teachers are in short supply. We learned of several admin-
istrators who had committed to computer science courses then 
ended up removing them from the schedule—not because they 
didn’t have a trained CS teacher, but because they were strapped 
for qualified science and math teachers. In one rural district 
everything seemed to be in place: a TFA fellow was primed to 
teach ECS, the principal was supportive, and students had been 
recruited for the class. At the last minute, however, the class 
was scuttled so that the teacher could teach more (required) 
math classes. 

Math is not the only specialty that pulls teachers from com-
puter science. We listened to a teacher explain, “I teach special 
education, and I am the only resource teacher for over 60 kids, 
so I am not allowed to teach the [computer science] course.” Al-
though math and science seem like natural departments from 
which to recruit CS teachers, teacher shortages in these tested 
subjects often mean high-demand teachers are unable to add 
introductory computer science to their teaching loads. This 
leads to the counter-intuitive conclusion that advocates for CS 
instruction would do well to focus their recruiting efforts on 
history, business, and language arts teachers. 

CS FOR ALL?
The apparently high level of support for CS education that the 
Google-Gallup studies reveal is encouraging, but we are finding 
that adding computer science courses to the school schedule is 
no guarantee that underrepresented students will be offered, 
or will take, the opportunity to study computing. We learned 
from teachers striving to promote equity that when computer 
science is offered as an elective, circumstances can arise affect-
ing access to the courses and thereby recruitment of diverse stu-
dents. Logistical factors such as where a CS course appears in 
the schedule and when it is added can limit participation by the 
very students it is meant to target. For example, if ECS is sched-
uled at the same time slot as several required courses or popular 
electives, it becomes effectively unavailable to many students. 
One teacher described this administrative barrier as follows: “I 
talked to my principal and we got the class on the roster, but … 
the way the master schedule worked out was not in my favor. 
...There were students who wanted to take my class but couldn’t. 
[A popular local course offering], football, and other elective 
classes and core classes for AP were scheduled in first period [in 
same slot as ECS]. My class dropped off the radar.”

In another case, where the teacher specifically made a con-
scious effort to recruit girls for participation in ECS, we learned 
that the course was scheduled to coincide with a dance elective 
that was very popular among girls in the school. Stories like this 
indicate that principal support and thoughtful consideration of 
broadening participation is key for building enrollment. One 

“They removed all the girls from  
my class. I can only tell you ‘he said, 
she said’ but one of the counselors 

told a girl that computer  
science was no place for a girl.”

Teacher from rural school
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heard this message from both computer and technology teach-
ers and from those teaching disciplines such as world languages 
and English/language arts. This chips away at the assertion that 
the movement to broaden access to CS education is designed 
primarily to produce programmers for the tech industry.

One teacher of Spanish appreciated how the professional de-
velopment experience in oDREAMS forced her to pay attention 
to her own learning process and felt it made her more empa-
thetic to her students’ struggles in her language classes. Several 
teachers mentioned the importance of computer science learn-
ing to their students as the motivation for their commitment 
to persevere through the training so that they could offer this 
opportunity. One very frustrated and overwhelmed newcomer 
was overheard in the hallway saying, through tears, “I am here 
for the kids. I know that they need this, and I want to be able to 
teach them.” These teachers are learning a new style of pedago-
gy as well as new content, and, in the case of the game design 
curriculum, a new tool (AgentCubes), which can be extremely 
challenging. They are voluntarily putting themselves in the role 
of students so as to be better able to serve their own students.

THE WAY FORWARD
The ground-level view we have obtained from these three proj-
ects indicates that broadening participation in computer sci-
ence is a far more complicated endeavor than it appears. It isn’t 
simply a matter of scheduling classes and training teachers; 
many pieces need to be coordinated with sustained support for 
the movement to achieve its goals. Even in places where com-
puter science is offered, access is often restricted for logistical 
reasons or because of beliefs—among teachers, counsellors, 
and administrators—about who can be successful. This points 
to the importance of understanding local conditions. For exam-
ple, while much of the focus of Computer Science for All has 
been on providing access to computer science to underrepre-
sented urban youth, much of the oDREAMS project’s outreach 

available to students who are required to spend elective time on 
remediation for core classes. Both of these scenarios can limit 
participation among target populations. We find that schools 
can vary widely in the availability of electives to students. Goo-
gle-Gallup reports that many students who can’t take com-
puter science classes are able to learn about computing in 
school-sponsored clubs or activities. But our survey of TFA 
teachers indicates that in severely under-resourced schools, 
there are few out-of-school options, and a dedicated class is the 
only way to learn computer science. The oDREAMS approach 
to inserting computer science into middle school is to augment 
or supplant keyboarding and business software courses.

NO EXPERIENCE NECESSARY? 
We are learning from our interviews with teachers that most 
of them had little to no background in computing prior to their 
summer professional development workshop, and that they be-
lieve that this does not impede their ability to teach the course. 
More than half of the teachers we surveyed for the TFA eval-
uation had no experience with CS as a student or teacher and 
had not even engaged in computer science-related hobbies. Their 
success indicates that deep knowledge of computer science is 
perhaps less important than administrators assume for teachers 
of introductory CS classes. Instead, a teacher’s ability to facilitate 
student inquiry and to communicate expectations for success are 
perhaps more important than computer science knowledge for 
teaching introductory classes. This type of expertise supports 
the goals of courses like ECS and the game design lessons of 
oDREAMS in exposing students to the field of computing and 
encouraging their participation in a computing community.

In both the CS3 and oDREAMS studies, a greater proportion 
of the teachers have had some background in computing, but in 
many cases the nature of the new course is quite different from 
their previous experience, which often emphasized students’ 
use of business software. A prominent theme that emerged in 
interviews with teachers new to teaching game design was en-
thusiasm for the potential of the lessons to teach skills beyond 
CS, including collaboration, metacognition, and resilience. We 

“I went to my superintendent and 
I said, ‘Hey, listen. I think this will 

be amazing. I think this is where we 
need to move with curriculum.’  

Gone are the days where we’re trying 
to teach kids how to use  

Microsoft Word. That’s not what 
technology is anymore.”  

An oDREAMS teacher 
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is taking place in rural and tribal schools, which can be espe-
cially vulnerable to teacher shortages.

We found that teachers acting as advocates for computer 
science instruction was a commonality across projects. The 
willingness of these teachers to engage in intensive professional 
development to learn a new curriculum with a steep learning 
curve belies the view of Computer Science for All as a top-
down reform or the “new vocationalism.” [1,8] These teachers 
have taken on the mission to bring computer science to their 
students because they feel strongly that young people will need 
to understand computing to participate fully in the modern 
world. In some cases, teachers with little to no computer sci-
ence background are willing to undergo extreme frustration to 
gain the skills needed to accomplish this mission.

School change guru Michael Fullan has described educa-
tional change as a socio-political process, one in which it is es-
sential to pay attention to both the big and the small pictures 
[3]. The Google-Gallup studies offer important insights into the 
big picture—the broader forces impacting the success of the CS 
for All movement. Our examples from the field offer a closer 
look at the details—the lived experiences of educators work-
ing to prepare their students for life and citizenship in a digital 
world. Listening to the voices of those who are charged with 
enacting sweeping reforms is essential for gaining an under-
standing of how curriculum policies play out in the classroom. 
An examination of the experiences of teachers and administra-
tors in our three projects demonstrates that the story is always 
more nuanced than the broad slogans of reform would indicate. 
Monitoring the progress of the CS for All movement and keep-
ing it on track toward its goals will require that we balance sta-
tistics on course adoption with these first-hand accounts from 
the field.  
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Community Engaged 
Research Projects  
for Undergraduates
By Julie Medero, Harvey Mudd College

A commitment to providing research opportunities for 
undergraduates has been a key element in Harvey 

Mudd’s efforts to increase the diversity of our computer 
science student body [1]. Including students in problems 
outside of the classroom helps them develop identities as 
computer scientists, while providing those opportunities 
early on in students’ careers, can help welcome new students 
to the field [14]. But many first-year undergraduate students 
don’t have a lot of previous experience, so it can be difficult 
to find research positions where they can make substantial 
technical contributions. Student-driven, community-
engaged data analysis projects offer an opportunity to 
engage those students. 

It’s no secret that good service-learning collaborations offer 
benefits to students and community partners, but that setting 
up successful collaborations between campuses and communi-
ty partners can be hard [e.g., 9,10,13]. Many of us include ser-
vice-learning projects in classes, capstones, and other elements 
of undergraduate CS programs [e.g., 4,6,12]. At Harvey Mudd 
College (HMC), service-learning projects fit with our college 
mission to educate students to have a clear understanding of the 
impact of their work on society [8]. Recognizing that upper-lev-
el skills are necessary for large development projects, many CS 
programs integrate service learning into upper-level or capstone 
projects [e.g., 3,7]. In my department, the most common place 
for that integration has been in our Software Development 
course, which is a required junior-level course for CS majors. 

These projects face a couple of significant challenges, though. 
The first is that they fall late in students’ undergraduate careers, 
after our chance to help prospective majors see how computer 
science connects to the world around them. The second is that 
even with more advanced undergraduates, it’s easy for those 
projects to fail, at least in the long-term. Our students are great 
at picking up technical details, at asking nuanced questions, 

and at working together. Still, my research group’s metaphorical 
basement is littered with student-developed mobile apps and 
websites that made it to 70% completion, but that never saw the 
light of day. And even projects that make it into use often suffer 
from a lack of maintenance over time [3]. Looking at common 
features of successful projects is a useful way to choose which 
projects to take on in the future.

REPEAT COMMUNITY PARTNERS
Starting a new partnership with a community organization has 
start-up costs associated with it. As a partner works with our 
students, they become better at identifying good student proj-
ects, at setting realistic expectations for the scope of a student 
project, and at communicating their goals to students. That 
means that it’s worth taking the time to develop long-term con-
nections with the same community partners. To make those 
partnerships meaningful to me, I’ve focused on collaborating 
with community groups that connect to my own off-campus in-
terests. My research training is in natural language processing, 
but I’m also an enthusiastic bicyclist. My family of five hasn’t 
owned a car in a decade, and we have fun figuring out how to 
go about our day-to-day activities on bikes. When we moved to 
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PROJECTS THAT MATCH STUDENTS’  
SKILL SETS
 Large software projects require a significant amount of testing 
and long-term maintenance, and undergraduates who work for 10 
weeks on a summer project are rarely able to provide either. Some 
schools address that gap by providing paid ongoing positions for 
students. My alternative is to choose projects that involve a tan-
gible deliverable that is not a software product. My students are 
particularly well-suited to analyzing existing data. They still write 
code, implement algorithms, and try out new machine learning 
tools. But their deliverable is a set of numbers the partner can use 
in their reports, infographics, and/or new insights that result from 
their analysis, not the code itself. With those projects, it’s easier to 
agree on the scope, easier to know when the student is done, and 
easier to set the students up to succeed. 

BikeSGV’s volunteers collect a lot of data. They conduct 
manual counts of people walking and biking on different 
streets. They distribute surveys to try to understand who 
bikes, and what the barriers are for people who choose not 
to bike. And they talk with regional government officials to 
understand what information would be most useful in ad-
vocating for new infrastructure and resources. My students 
have helped them sort through the large quantities of data 
they collect to find the meaningful nuggets, applied natural 
language processing techniques to free-response texts, and 
explored new ways of communicating those insights to fund-
ing agencies, city officials, and the community at large. One 
student explored gender differences in the reasons that people 
bike. Another is looking into the socio-economic distribution 
of access to safe transportation infrastructure. The data being 
collected by BikeSGV’s volunteers is open to enough different 
lines of investigation that each student gets to experience the 
autonomy of identifying and then answering an interesting 
research question, but within the confines of what is useful to 
the organization’s broader advocacy efforts.

Southern California in 2014, I was surprised by the car-centric 
nature of our new home. I’d come from a big, hilly, rainy city 
in the Pacific Northwest to a small, flat, dry college town, but 
I hadn’t seen traffic like the drop-off lines in front of my son’s 
elementary school in decades! I wondered how my research 
skills in collecting, processing, and interpreting data could be 
used to understand why people in Southern California drove 
so much, and how to better support people who were inter-
ested in choosing to bike instead. Over the course of several 
student projects, I’ve developed a partnership with BikeSGV, 
a local non-profit that focuses its work on making it easier for 
people in our region to walk and bike [2]. Their volunteers are 
continually collecting data that my students can help analyze 
and collaborating with them gives me a way to stay connected 
with their work even during the hectic academic year. 

I’ve slowly built a local network of people in non-profits like 
BikeSGV and in the city government who are willing to work 
with me and my students on projects. I started by meeting with 
a group of senior citizens who are cycling enthusiasts, and who 
are also active volunteers. They connected me (and my first 
students) with an advisory group of citizens who met regularly 
with the city’s associate traffic engineer. That group, in turn, 
helped us connect with city staff, and with members of the local 
police department. I’ve further strengthened that network by 
taking a position as a city commissioner, which has me regular-
ly meeting with city staff, other commissioners, and members 
of the community. Not every person we talk with has become 
a collaborator—some of the conversations primarily gave us a 
referral to someone else to talk with. Some partners worked on 
one project and then moved on, and a few turned into long-
term collaborators.

At the start of each summer, I now have my students meet as 
a group with several prospective community partners. The stu-
dents get to hear about each organization’s needs, and then they 
each choose a project to work on. Those initial meetings give 
students a chance to listen to our community partners, who are 
the experts that fully understand the problems with which they 
need help [11]. By listening, students start to see where they 
can contribute to a solution. Each student can choose a proj-
ect they’re excited by, working with a community partner with 
whom they are eager to collaborate.

Figure 1: Example of an artifact from a student’s collaboration with 
BikeSGV: an infographic demonstrating that women who bike tend  
to do so for fewer reasons than men who bike.
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Providing chances for students to engage in projects that 
they choose and implement, where they have a chance to 
engage deeply with their community, is a rewarding way to 
help a diverse group of students discover new ways that their 
technical interests can be combined with their interests and 
passions outside of the classroom—and to watch in awe as 
they generate real, inspiring insights and connections to our 
community!  
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CLARITY ABOUT PROJECT GOALS
In service-learning projects for early undergraduates, there 
is a tension between benefits to the student, benefits to the 
community organization, and benefits to the scientific com-
munity. I like to decide up-front what the acceptable trade-offs 
are among the three. For community-engaged research proj-
ects for early undergraduates, I intentionally prioritize bene-
fits to the community partner and the student, knowing that 
the technical output might not be ground-breaking. We oth-
erwise follow the same project structure as a more tradition-
al research project. They must identify a problem (based on 
conversations with the community partner), research existing 
tools and relevant prior work, design a solution, and commu-
nicate their findings. 

Dissemination of their work still happens, but in less formal 
ways. All my students are required to write blog posts about 
their work regularly—once a week during the school year; 
once a day during the summer. They also present their findings 
back to members of the community. For instance, one group of 
students developed maps to help parents coordinate walking 
routes to elementary schools. They staffed a table at our town’s 
4th of July celebration where they explained their work. Local 
parents shared their barriers to letting their kids walk or bike to 
school, and my students came away with a clearer understand-
ing of how their work fit into a broader context. One of those 
students reflected: 

Interacting and working with parents and the other mem-
bers of the community was one of my favorite parts of the 
project. I was able to get feedback and information that al-
lowed me to focus my time on creating software that peo-
ple would use and that would have a positive impact the 
community. The interactions gave me a sense of purpose in 
the project and made me excited to be a part of something 
more than just writing code. (Erin McCarthy, Scripps ‘17, 
now a PhD student at the University of Oregon)

Figure 2: Students at the Claremont 4th of July celebration shared their 
work developing maps and tools to help families of school children 
coordinate walking and biking routes to school. 
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I n fall 2017 and winter 2018, ACM conducted its sixth annual survey of non-
doctoral granting departments in computing (NDC). The survey comprises 
recent degrees, enrollments, faculty demographics, and faculty salaries, and 

includes gender and ethnic characteristics of the faculty and of the students in the 
computing programs. It is designed to complement the Taulbee Survey of doctoral-
granting departments in computing conducted by the Computing Research 
Association (CRA). This article reports the results of the 2017-2018 NDC survey, 
with comparisons and contrasts to data reported in the Taulbee Survey and, as 
appropriate, last year’s NDC survey results. Additionally, this year our report looks 
at trends from the past six years of NDC data.

By Jodi Tims, Baldwin Wallace University, Stuart Zweben, The Ohio State University,  
and Yan Timanovsky, ACM 

ACM-NDC Study 
2017–2018: 
Sixth Annual Study of  
Non-Doctoral-Granting  
Departments in Computing



acm Inroads • inroads.acm.org  57

ARTICLES

In fall 2017 and winter 2018, ACM conducted its sixth an-
nual survey of non-doctoral granting departments in comput-
ing (NDC). The survey comprises recent degrees, enrollments, 
faculty demographics, and faculty salaries, and includes gen-
der and ethnic characteristics of the faculty and of the students 
in the computing programs. It is designed to complement the 
Taulbee Survey of doctoral-granting departments in comput-
ing conducted by the Computing Research Association (CRA). 
This article reports the results of the 2017-2018 NDC survey, 
with comparisons and contrasts to data reported in the Taulbee 
Survey and, as appropriate, last year’s 
NDC survey results. Additionally, this 
year our report looks at trends from the 
past six years of NDC data.

INTRODUCTION
In fall 2017 and winter 2018, ACM 
conducted the sixth annual ACM-
NDC Study (a survey of “Non-Doc-
toral-Granting Departments in Com-
puting”), intended to be an annual 
complement to the Computing Re-
search Association (CRA) Taulbee Sur-
vey of Ph.D.-granting departments in 
computing [8]. ACM-NDC is funded 
by ACM and continues to be conducted 
with support from the CRA. The authors comprised the NDC 
Steering Committee. As an annual study, NDC helps fill in gaps 
in data on non-Taulbee programs to present a more complete 
view of the academic landscape in computing and to expand 
pipeline information on programs that produce candidates for 
Ph.D. programs as well as the private and public labor markets. 
The timely reporting of the survey’s results provides the commu-
nity with an early look at workforce-related facts and trends of 
importance to academic programs and those who rely on them.

The goal of ACM-NDC is to document trends in student en-
rollment, degree production, faculty demographics and salaries 
at not-for-profit U.S. academic institutions that grant bachelor’s 
and/or master’s degrees (but not doctorate degrees) in the five 
major computing disciplines in which curricular guidelines and 
accreditation criteria exist [1,3]: computer science (CS), com-
puter engineering (CE), information systems (IS), information 
technology (IT), and software engineering (SE). Diversity sta-
tistics and trends with respect to students and faculty are im-
portant features of this documentation.

The survey was distributed in September 2017 to qualifying 
programs identified using data in the Integrated Post-secondary 
Education Data System (IPEDS) [5]. This data is collected an-
nually by the National Center for Education Statistics (NCES) 
from all U.S. institutions that participate in the federal financial 
aid programs [6]. This year the survey was distributed to 1098 
academic units (departments, schools, or institutions) identi-
fied via IPEDS as offering at least one program in computing. In 
some cases, a single institution received multiple surveys if pro-

grams are housed in different schools or departments. In total, 
191 units participated in the survey (compared to 211 last year), 
supplying either complete or partial information, with 167 units 
completing the survey in full. Of these, 149 supplied bachelor’s 
data (compared to 168 in 2016-2017) and data was reported for 
304 total programs (244 bachelor’s and 60 master’s), compared 
to 312 last year. We found that 161 academic units provided 
data on faculty (152 in 2016-2017) and 135 provided faculty sal-
ary information (130 in 2016-2017).

There was a slight dip in overall units and program repre-
sented this year, a decrease in units 
reporting bachelor’s data, and a small 
uptick in the number of units provid-
ing master’s and faculty data, including 
salary information. There was a 9.5% 
decrease in overall units participating, 
a 2.6% decrease in the total number of 
programs participating, and an 11.3% 
decrease in the number of bachelor’s 
programs. In the faculty section, there 
was a 5.9% increase in the number of 
units responding, and a 3.8% increase 
in units supplying faculty salary in-
formation. The 2017-2018 NDC cycle 
marked the earliest release ever of the 
survey, in September 2017. This was a 
deliberate decision by the NDC Com-

mittee to allow our respondents more time. Given the slight 
decrease in overall units participating compared to the 2016-
2017 cycle, when the survey was distributed in November, it is 
unclear whether earlier distribution is conducive to producing 
higher participation.

Six years into NDC, despite greater overall awareness of 
the survey, many of the academic units at the generally smaller 
schools targeted by NDC continue to face challenges in gath-
ering and submitting data. Some of these challenges have been 
known to us (such as shortage of resources at smaller depart-
ments, time required to conduct data gathering, department 
reorganization, and data privacy concerns). Each year, we have 
addressed some of these challenges, with improvements to data 
validation and user interface, an increase in historical reference 
data, and some reduction in the overall length of the survey. 
Some NDC participants are able to provide only partial data 
due to burdens of data-gathering, and we have adapted our plat-
form to capture partial data whenever possible. With response 
sizes in the 10% to 16.4% range from 2012-2013 to 2017-2018, 
it is probable that a significant proportion of the overall NDC 
community may not participate in the survey regardless of the 
enhancements we continue to make. The NDC Committee will 
continue to consider how greater engagement can be achieved, 
and how NDC can provide greater value to the community.

The following presents key findings from this year’s study. 
As in past iterations of this report, where possible we will make 
comparisons with Taulbee data, and with data from last year’s 
NDC Study [7]. With six years of data in hand, this is the first 
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awareness of the survey, 
many of the academic 
units at the generally 

smaller schools targeted 
by NDC continue to face 
challenges in gathering 

and submitting data.
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year our report looks at longitudinal trends beginning with 
the beginning of the survey. However, as in past years, small 
response sizes in some parts of the survey make it difficult to 
draw hard conclusions from the data provided. In reading this 
report, one should consider the following points:
•   In this report, we will use the term “academic unit” (or 

“unit”) to refer to the administrative division responsible 
for one or more qualifying programs. We will use the term 
“program” to refer to a course of study leading to a degree 
in one of the computing disciplines—computer science 
(CS), computer engineering (CE), information systems (IS), 
information technology (IT), or software engineering (SE). 
In the context of this report, “all disciplines” refers to these 
five computing disciplines.

•   A given academic unit may offer multiple programs.
•   Degree production (master’s and bachelor’s) refer to the 

previous academic year (2016-2017)
•   Data for current faculty as well as new students in all  

categories refer to the academic year (2017-2018) in which 
the survey was given.

BACHELOR’S DEGREE PRODUCTION AND 
ENROLLMENTS
In comparison to the 
2016-2017 survey, the per-
centage of institutions re-
sponding to the bachelor’s 
portion declined (13.6% vs. 
15.3%). The proportion of 
public institutions among 
the respondents was slight-
ly lower (38.9% vs. 39.9%) 
while the rise in the per-
centage of master’s grant-
ing institutions was more 
pronounced (28.2% vs. 
23.2%). The distribution of 
the responding programs 
across disciplines (Table 
B2) shows lower percentages of computer science (66.0% vs. 
67.7%), information technology (9.4% vs. 10.0%), and computer 
engineering (3.3% vs. 3.8%) programs and higher percentages of 

information systems (14.8% vs. 13.1%) and software engineer-
ing (6.6% vs. 5.4%) programs.

Computer engineering programs reported the highest per-
centage of ABET accredited programs (87.5%); however, this 
percentage was lower than reported last year (100%). Declines 
in the percentage of ABET accredited programs are also evi-
dent in information systems (8.3% vs. 11.8%) and information 
technology (4.3% vs. 15.4%). CS reports a higher percentage of 
accredited programs than last year (27.3% vs. 23.3%) as does SE 
(37.5% vs. 35.7%). Over all disciplines, ABET accredited pro-
grams occur more frequently at public institutions than private 
(37.1% vs. 17.0%) and at master’s granting institutions than 
non-master’s granting (43.9% vs. 15.4%).

Actual degree production in 2016-2017 and anticipated 
change in degree production for 2017-2018, broken down by 
institution type, are depicted in Table B3A for all survey re-
spondents that provided projected degree data. Over all insti-
tution types, the 124 units reporting a total of 146 CS programs 
project an increase in degree production of 9.5%. A somewhat 
lower increase of 8.5% is projected by the 141 units having 218 
programs over all disciplines. Differences in the degree of in-
crease are evident for CS when considering institution type, 
with private institutions reporting higher anticipated increases 
than public (17.9% vs. 3.7%) and non-master’s granting institu-
tions projecting larger increases than master’s granting (11.6% 
vs. 7.5%). Over all disciplines, the differences in projected in-
creases are less pronounced for public vs. private institutions 
(8.0% vs. 9.6%), while master’s granting institutions project a 
larger increase than do non-master’s granting (10.1% vs. 7.2%). 
Projected increases in degree production in CS are lower than 
last year for both NDC (9.5% vs. 16.0%) and Taulbee institu-
tions (12.6% vs. 14.7%). Projected increases in degree produc-
tion over all disciplines is also lower this year compared to last 
year at NDC institutions (8.5% vs. 16.0%) while Taulbee reports 
a higher percentage this year over last (9.6% vs. 8.5%).

Units that provide actual degree production data in con-
secutive years enable valid reporting of actual growth in de-
gree production. Table B3B shows double digit increases in 
the percentage change of actual degree production for the 95 
units that reported on 159 programs over all disciplines and 
for the 85 units that reported on 104 CS-only programs, irre-
spective of institution type. The one-year increase in actual 
degree production for CS-only programs over all institution 

TABLE B1. SUMMARY OF INSTITUTIONS 
RESPONDING TO BACHELOR’S SECTION 
OF SURVEY

Number of 
Programs

% of Total 
Responses

Yes 149 13.6%

No 949 86.4%

Total Surveys 1,098

Public 58 38.9%

Private 91 61.1%

Total Yes 149

Master’s 42 28.2%

Non-Master’s 107 71.8%

Total Yes 149

TABLE B2. SUMMARY OF PROGRAM OFFERINGS

Overall Public Private Master's Non-Master's

Number 
of Units

Number of 
Programs

% of  
Total % ABET Number of 

Programs
% of  
Total % ABET Number of 

Programs
% of  
Total % ABET Number of 

Programs
% of  
Total % ABET Number of 

Programs
% of  
Total % ABET

CS 138 161 66.0% 27.3% 64 66.0% 48.4% 97 66.0% 13.4% 45 54.9% 60.0% 116 71.6% 14.7%

CE 8 8 3.3% 87.5% 2 2.1% 100.0% 6 4.1% 83.3% 4 4.9% 100.0% 4 2.5% 75.0%

IS 35 36 14.8% 8.3% 13 13.4% 7.7% 23 15.6% 8.7% 16 19.5% 18.8% 20 12.3% 0.0%

IT 20 23 9.4% 4.3% 12 12.4% 0.0% 11 7.5% 9.1% 12 14.6% 8.3% 11 6.8% 0.0%

SE 15 16 6.6% 37.5% 6 6.2% 33.3% 10 6.8% 40.0% 5 6.1% 20.0% 11 6.8% 45.5%

Totals 156 244 100.0% 25.0% 97 100.0% 37.1% 147 100.0% 17.0% 82 100.0% 43.9% 162 100.0% 15.4%
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TABLE B3A. DEGREE PRODUCTION AND ANTICIPATED CHANGE BY PROGRAM TYPE

All Respondents

CS Only All Disciplines

Number of 
Units

Number of 
Programs

2016-2017 
actual

2016-2017 
actual per 

Unit
2017-2018 
projected

2017-2018 
projected 
per Unit

% change 
in average 

per Unit
Number of 

Units
Number of 
Programs

2016-2017 
actual

2016-2017 
actual per 

Unit
2017-2018 
projected

2017-2018 
projected 
per Unit

% change 
in average 

per Unit

Public 50 56 1,890 37.8 1,962 39.2 3.7% 56 82 2,508 44.8 2,713 48.4 8.0%

Private 74 90 1,365 18.4 1,606 21.7 17.9% 85 136 2,125 25 2,326 27.4 9.6%

Master’s 31 38 1,574 50.8 1,693 54.6 7.5% 39 71 2,361 60.5 2,597 66.6 10.1%

Non-Master’s 93 108 1,681 18.1 1,875 20.2 11.6% 102 147 2,272 22.3 2,442 23.9 7.2%

NDC Overall 124 146 3,255 26.3 3,568 28.8 9.5% 141 218 4,633 32.9 5,039 35.7 8.5%

Taulbee  
(US CS Depts)

"131 
(119*)" NA 19,907 152 20,364 17.1 12.6% "131

 (119**)"

*Note: Taulbee CS data excludes departments from Canadian institutions and had fewer departments report projected degree production than actual
**Note: Taulbee only produces averages per department
***Note: Taulbee data excludes departments from Canadian institutions and includes CS, CI and I programs

TABLE B3B. DEGREE PRODUCTION CHANGE BY INSTITUTION TYPE - UNITS RESPONDING BOTH YEARS

All Respondents

CS Only All Disciplines

Number of 
Units

Number of 
Programs

2015-2016 
actual

2015-2016 
Avg per 

Unit
2016-2017 

actual
2016-2017 
Avg per 

Unit

% change 
in average 

per Unit
Number of 

Units
Number of 
Programs

2015-2016 
actual

2015-2016 
Avg per 

Unit
2016-2017 

actual
2016-2017 
Avg per 

Unit

% change 
in average 

per Unit 

Public 32 36 927 29 1,166 36.4 25.5% 35 54 1,261 36 1,632 46.6 29.4%

Private 53 68 917 17.3 1,051 19.8 14.5% 60 105 1,364 22.7 1,519 25.3 11.5%

Master’s 22 28 811 36.9 1,046 47.5 28.7% 26 54 1,194 45.9 1,544 59.4 29.4%

Non-Master’s 63 76 1,033 16.4 1,171 18.6 13.4% 69 105 1,431 20.7 1,607 23.3 12.6%

NDC Overall 85 104 1,844 21.7 2,217 26.1 20.3% 95 159 2,625 27.6 3,151 33.2 20.3%

Taulbee  
(US CS Depts) NA NA NA 123 NA 19,980 162.4 23,577 191.7 18.0%

Units Responding Both Years

Number of  
Units

Number of 
Programs 2015-2016 actual 2015-2016 actual 

per Program 2016-2017 actual 2016-2017 actual 
per Program % change 2017-2018 

projected
2017-2018 

projected per 
Program

% projected 
change

NDC Overall 95 159 2,625 16.5 3,151 19.8 20.0% 3,554 22.4 12.8%

CS 85 104 1,844 17.7 2,217 21.3 20.2% 2,483 23.9 12.0%

CE 5 5 54 10.8 69 13.8 27.8% 104 20.8 50.7%

IS 23 24 317 13.2 372 15.5 17.4% 386 16.1 3.8%

IT 12 13 274 21.1 312 24 13.9% 344 26.5 10.3%

SE 12 13 136 10.5 181 13.9 33.1% 237 18.2 30.9%

TABLE B4. DEGREE PRODUCTION AND ANTICIPATED CHANGE BY DISCIPLINE

All Respondents

Number of  
Units

Number of 
Programs

2016-2017  
actual

2016-2017 actual 
per Program

2017-2018 
projected

2017-2018 
projected per 

Program
% Change

NDC Overall 141 218 4,633 32.9 5,039 35.7 8.5%

CS 124 146 3,255 26.3 3,568 28.8 9.5%

CE 6 6 229 38.2 288 48 25.7%

IS 29 30 522 18 466 16.1 -10.6%

IT 18 20 436 24.2 473 26.3 8.7%

SE 15 16 191 12.7 244 16.3 28.3%
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types was higher than that reported last year (20.3% vs. 19.0%). 
When considering specific institution types, however, some 
differences are evident. The percentage increases were higher 
this year than last at public (25.5% vs. 25.2%), private (14.5% 
vs. 12.9%), and master’s granting (28.7% vs. 20.3%) institu-
tions, while the percentage increase was lower at non-mas-
ter’s granting (13.4% vs. 18.2%). Over all disciplines, the one-
year percent increase in actual degree production rose from 
14.7% reported last year to 20.3% over all institution types, a 
much larger increase than seen at Taulbee institutions (18.0% 
vs. 16.7%). Compared with last year’s report, larger increas-
es were evident at public (29.4% vs. 21.7%), private (11.5% vs. 
6.5%) and master’s granting (29.4% vs. 14.9%) institutions, 
while non-master’s granting institution reported a lower per-
centage increase (12.6% vs. 14.6%).

Table B4A depicts degree production and anticipated change 
broken down by discipline for the 141 units that provided pro-
jected degree data. Increases in degree production are antic-
ipated overall and within each discipline except information 
systems, but for all disciplines except computer engineering 
the anticipated increase is lower than reported for 2016-2017. 
Overall degree production is anticipated to be 8.5% compared 
to 16.0% reported last year. Among those disciplines reporting 
lower expected changes, IT saw the largest anticipated differ-
ence (8.7% vs. 29.3%), followed by IS (-10.6% vs. 1.4%), CS (9.5% 
vs. 16.0%) and SE (28.3% vs. 34.3%). The anticipated increase in 
degree production for CE is 25.7% compared to 10.3% report-
ed last year. For those units that provided actual degree data 
over two consecutive years as well as projected degree data for 
2017-2018, both 2016-2017 actual change in degree production 
and 2017-2018 projected degree production are reported in 
table B4B. Actual degree production between 2015-2016 and 
2016-2017 increased for NDC overall (20.0%) and for each in-
dividual discipline. When compared to the one-year change 
between 2014-2015 and 2015-2016, the largest productivity 
change occurred in SE (33.1% vs. -52.9%), followed by IS (39.9% 
vs. -17.5%), CE (27.8% vs. -1.5%), IT (13.9% vs. 6.2%) and CS 
(20.2% vs. 19.7%). Degree production is anticipated to continue 
to show increases in 2017-2018 overall (12.8%). The 20.0% over-
all productivity change reported this year exceeds the overall 
9.5% change reported last year.

Total Bachelor’s degree production for all programs that re-
ported their 2016-2017 degrees, as well as a breakdown by gen-
der, discipline, and institution type, is shown in Table B5. Table 
B6 breaks down this degree data by ethnicity. This year’s 228 
responding programs reported 5,045 total degrees over all disci-
plines, for an average of 22.1 per program. In CS, there were 3,583 
total degrees among 151 programs, for an average of 23.7 per pro-
gram. Across the six year history of the NDC Study, the trend in 
average number of degrees awarded per program for both CS and 
all disciplines combined is demonstrated in Figure B1.

The percentage of bachelor’s degrees earned by women at NDC 
schools in the five NDC computing disciplines was 20.0%, which 
is slightly lower than reported last year (20.5%), but higher than 
reported by Taulbee institutions this year (19.2%). Information 
systems reports the highest percentage of female degree recipients 
(27.7%) and software engineering the lowest (13.2%). In CS, 19.0% 
of degrees overall were awarded to females compared to 22.1% last 
year. Private institutions awarded more CS degrees to women than 
public institutions (28.5% vs. 13.0%) and non-master’s granting in-
stitutions awarded more than master’s granting (25.0% vs. 13.5%), 
a trend that has been consistent in the history of NDC. Figure B2 
illustrates the six-year history of gender data reported by NDC.

As seen in table B6, NDC institutions continue to report 
higher percentages of degree production than do Taulbee in-
stitutions for Black/African-American (7.6% vs. 3.7%) and 
White (61.4% vs. 48.1%) students and lower percentages for 
Asian (11.0% vs. 24.3%), two or more races (2.6% vs. 3.1%), and 
non-resident (7.5% vs. 12.0%) students. The combined percent-
age of under-represented minority students (Hispanic, Amer-
ican Indian/Alaskan, Native Hawaiian/Pacific Islander, Black/
African American, and two or more races) at NDC institutions 
is 20.1%, higher than reported last year (18.1%) and higher than 
reported at Taulbee schools (15.6%). Figure B2 also includes the 
history of ethnicity data reported by NDC over six years.

The mean enrollment of majors per academic unit (Table B7) 
increased by 17.0% between 2016-2017 and 2017-2018 among 
all NDC respondents this year. Last year’s respondents reported 
only a 4.8% overall increase. All institution types reported more 
favorable one-year enrollment changes than was the case in last 
year’s report, with private (17.3% vs. 6.4%) and master’s grant-
ing (12.8% vs. 0.0%) seeing the largest jump. As was the case last 
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TABLE B5. BACHELOR’S DEGREES AWARDED BY GENDER, DISCIPLINE, AND INSTITUTION TYPE

Male Female Total Known 
Gender

Gender 
Unknown Grand Total Number of 

Units
Number of 
Programs

CS Overall 2,822 81.0% 662 19.0% 3,484 99 3,583 128 151

CS Public 1,857 87.0% 277 13.0% 2,134 66 2,200 53 59

CS Private 965 71.5% 385 28.5% 1,350 33 1,383 75 92

CS Master's 1,574 86.5% 245 13.5% 1,819 65 1,884 34 41

CS Non-Master's 1,248 75.0% 417 25.0% 1,665 34 1,699 94 110

CE Overall 209 79.2% 55 20.8% 264 20 284 8 8

CE Public 76 87.4% 11 12.6% 87 0 87 2 2

CE Private 133 75.1% 44 24.9% 177 20 197 6 6

CE Master's 201 78.8% 54 21.2% 255 0 255 4 4

CE Non-Master's 8 88.9% 1 11.1% 9 20 29 4 4

IS Overall 375 72.3% 144 27.7% 519 3 522 31 32

IS Public 242 75.9% 77 24.1% 319 3 322 11 11

IS Private 133 66.5% 67 33.5% 200 0 200 20 21

IS Master's 199 77.4% 58 22.6% 257 3 260 14 15

IS Non-Master's 176 67.2% 86 32.8% 262 0 262 17 17

IT Overall 364 79.8% 92 20.2% 456 9 465 19 21

IT Public 171 81.4% 39 18.6% 210 0 210 9 10

IT Private 193 78.5% 53 21.5% 246 9 255 10 11

IT Master's 208 79.1% 55 20.9% 263 2 265 9 10

IT Non-Master's 156 80.8% 37 19.2% 193 7 200 10 11

SE Overall 118 86.8% 18 13.2% 136 55 191 15 16

SE Public 69 89.6% 8 10.4% 77 6 83 6 6

SE Private 49 83.1% 10 16.9% 59 49 108 9 10

SE Master's 47 83.9% 9 16.1% 56 6 62 5 5

SE Non-Master's 71 88.8% 9 11.3% 80 49 129 10 11

NDC Overall 3,888 80.0% 971 20.0% 4,859 186 5,045 145 228

"Taulbee Overall" 22,962 80.80% 5459 19.20% 28,421 1166 29,587 157 NA

NDC Overall 3,399 79.5% 875 20.5% 4,274 113 4,387 160 250

Taulbee Overall 19,192 81.9% 4,251 18.1% 23,443 2,065 25,508 156 NA

TABLE B6. BACHELOR’S DEGREES AWARDED BY ETHNICITY (145 units)

US Residents Others Total

Hispanic/
Latino

American 
Indian/ 
Alaska 
Native

Asian
Native 

Hawaiian/
Pacific 

Islander

Black/ 
African-

American
White

2 or more 
races, non-

Hispanic
Non-

Resident

Total 
Ethnicity, 
Residency 

Known

U.S. 
Residency 

Race 
Unknown

Residency 
Unknown Total

NDC 
Overall

359 15 433 17 301 2,424 102 296 3,947 380 718 5,045

9.1% 0.4% 11.0% 0.4% 7.6% 61.4% 2.6% 7.5% 100.0%

CS
243 10 306 14 163 1,713 71 196 2,716 289 578 3,583

8.9% 0.4% 11.3% 0.5% 6.0% 63.1% 2.6% 7.2% 100.0%

CE
25 1 53 0 7 68 10 34 198 11 75 284

12.6% 0.5% 26.8% 0.0% 3.5% 34.3% 5.1% 17.2% 100.0%

IS
49 0 56 2 66 298 8 15 494 22 6 522

9.9% 0.0% 11.3% 0.4% 13.4% 60.3% 1.6% 3.0% 100.0%

IT
37 4 14 1 62 230 10 45 403 58 4 465

9.2% 1.0% 3.5% 0.2% 15.4% 57.1% 2.5% 11.2% 100.0%

SE
5 0 4 0 3 115 3 6 136 0 55 191

3.7% 0.0% 2.9% 0.0% 2.2% 84.6% 2.2% 4.4% 100.0%

Taulbee 
Overall

1938 83 5795 98 893 11469 734 2853 23863 1581 4143 29587

8.1% 0.3% 24.3% 0.4% 3.7% 48.1% 3.1% 12.0% 100.0%
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year, non-master’s granting institutions saw a decline in mean 
enrollment, but this decline was smaller than that reported last 
year (-5.8% vs. -11.3%).

Table B7 also shows that enrollment comparisons from year 
to year for units responding both years are considerably different 
than for all respondents. Enrollment increases are evident for all 
institution types; however these one-year increases are lower than 
reported last year except at master’s granting institutions. Aggre-
gated over all institution types, the one-year increase of 8.1% com-
pares with 14.4% reported last year. Master’s granting institutions 

reported an 11.6% increase this year vs. 10.7% last year. Non-mas-
ter’s granting institutions experienced the largest differential 
(-14.4%), followed by public (-7.4%) and private (-3.9%) schools.

Table B8 shows the one-year changes in enrollment per pro-
gram, overall and by discipline. Average enrollment per pro-
gram for 2017-2018 is 114.2 for the 223 responding programs, 
and average CS enrollment per program is 124.6 for the 148 
responding CS programs. The six-year trend in average en-
rollments per program is shown in Figure B3 for all disciplines 
combined and for CS-only.

TABLE B7. COMPUTER SCIENCE ENROLLMENT CHANGE BY INSTITUTION TYPE

All Respondents Units Responding Both Years

2016-2017 2017-2018 2016-2017 2017-2018

Number of 
Units Headcount Mean Enroll Number of 

Units Headcount Mean Enroll % Increase Number of 
Units Headcount Mean Enroll Headcount Mean Enroll % Increase

NDC Overall 134 16,904 126.1 125 18,447 147.6 17.0% 85 11,508 135.4 12,448 146.4 8.1%

Public 47 10,825 230.3 51 12,379 242.7 5.4% 32 7,265 227 8,000 250 10.1%

Private 87 6,079 69.9 74 6,068 82 17.3% 53 4,243 80.1 4,448 83.9 4.7%

Master’s 24 7,030 292.9 32 10,575 330.5 12.8% 22 6,603 300.1 7,370 335 11.6%

Non-Master’s 110 9,874 89.8 93 7,872 84.6 -5.8% 63 4,905 77.9 5,078 80.6 3.5%

Taulbee 141 120,589 855.2 NA NA NA NA NA NA NA NA NA NA

TABLE B8. ACTUAL ENROLLMENT CHANGE FROM PREVIOUS YEAR BY DISCIPLINE

All Respondents Units Responding Both Years

2016-2017 2017-2018 % Change in Mean per Program 2016-2017 2017-2018 % Change in Mean per Program

All Disciplines

# Units 152 141 -7.2% 95 95 0.0%

# Programs 242 223 -7.9% 159 159 0.0%

BS enrollment 24,046 25,475 15.0% 16,731 17,866 6.8%

CS

# Units 134 125 -6.7% 85 85 0.0%

# Programs 162 148 -8.6% 104 104 0.0%

BS enrollment 16,904 18,447 19.5% 11,508 12,448 8.2%

CE

# Units 8 7 -12.5% 5 5 0.0%

# Programs 9 7 -22.2% 5 5 0.0%

BS enrollment 817 1,218 91.7% 640 645 0.8%

IS

# Units 31 31 0.0% 23 23 0.0%

# Programs 32 32 0.0% 24 24 0.0%

BS enrollment 2,329 2,153 -7.6% 1,757 1,801 2.5%

IT

# Units 24 18 -25.0% 12 12 0.0%

# Programs 25 20 -20.0% 13 13 0.0%

BS enrollment 2,968 2,570 8.2% 1,819 1,959 7.7%

SE

# Units 13 15 15.4% 12 12 0.0%

# Programs 14 16 14.3% 13 13 0.0%

BS enrollment 1,028 1,087 -7.5% 1,007 1,013 0.6%
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The remainder of this discussion focuses on units that re-
sponded in both years due to the reliability of the information 
provided. Over all disciplines, the percentage change in mean 
enrollment was lower than reported last year (6.8% vs. 9.1%). 
SE reported the largest difference in increase (0.6% vs. 17.7%). 
Percentages were also lower in CS (8.2% vs. 9.6%), IS (2.5% vs. 
8.4%) and IT (7.7% vs. 8.7%) CE was the only discipline with a 

positive differential in comparison to last year, reporting a pos-
itive change in mean enrollment per program (0.8%) after hav-
ing reported a negative change last year (-3.5%).

The average majors per program and average new majors 
per program, broken out by program type and discipline ap-
pear in Table B9 for those programs that provided data for both 
majors and new majors. Average new majors per program in-
creased in CS (35.3 vs. 33.5), CE (54.7 vs. 26.6) and IT (35 vs. 
32.3) while decreasing in IS (16.2 vs. 21.2) and SE (21.8 vs. 24.2). 
For NDC overall, average new majors increased to 32.1 from 
30.9. While there is much variation within institution types 
across disciplines, CE reports increases in average new majors 
per program for all institution types.

Since this year, in a change from previous reporting of this 
data, programs were included in Table B9 only if they reported 
both the number of majors and number of new majors, it is 
possible to compute the percentage of new majors among the 
majors from these programs. This statistic is shown in the last 
column of this table. In previous years, we approximated this 
statistic by dividing the average new majors per program by the 

TABLE B9. 2015-2016 BACHELOR’S ENROLLMENTS BY DISCIPLINE AND PROGRAM TYPE

Majors New Majors # Programs Avg. Majors per 
Program

Avg. New Majors  
 per Program

Percentage of New 
Majors among Majors

CS Overall 16,947 5,086 144 117.7 35.3 30.0%

CS Public 10,964 3,392 54 203 62.8 30.9%

CS Private 5,983 1,694 90 66.5 18.8 28.3%

CS Master’s 9,160 2,809 36 254.4 78 30.7%

CS Non-Master’s 7,787 2,277 108 72.1 21.1 29.2%

CE Overall 1,218 383 7 174 54.7 31.4%

CE Public 390 136 1 390 136 34.9%

CE Private 828 247 6 138 41.2 29.8%

CE Master’s 970 311 3 323.3 103.7 32.1%

CE Non-Master’s 248 72 4 62 18 29.0%

IS Overall 2,153 518 32 67.3 16.2 24.1%

IS Public 1,509 372 11 137.2 33.8 24.7%

IS Private 644 146 21 30.7 7 22.7%

IS Master’s 1,179 226 15 78.6 15.1 19.2%

IS Non-Master’s 974 292 17 57.3 17.2 30.0%

IT Overall 2,570 699 20 128.5 35.0 27.2%

IT Public 1,140 311 9 126.7 34.6 27.3%

IT Private 1,430 388 11 130 35.3 27.1%

IT Master’s 1,475 381 10 147.5 38.1 25.8%

IT Non-Master’s 1,095 318 10 109.5 31.8 29.0%

SE Overall 1,087 349 16 67.9 21.8 32.1%

SE Public 589 205 6 98.2 34.2 34.8%

SE Private 498 144 10 49.8 14.4 28.9%

SE Master’s 417 169 5 83.4 33.8 40.5%

SE Non-Master’s 670 180 11 60.9 16.4 26.9%

NDC Overall 23,975 7,035 219 109.5 32.1 29.3%

Taulbee NA 35902 138 NA 260.2 NA

http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=63&exitLink=http%3A%2F%2Finroads.acm.org
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average majors per program, but the sets of programs includ-
ed in these two averages were not necessarily the same. Thus, 
we do not make comparisons with the previous years’ approx-
imations. The percentage of new majors among majors varies 
across disciplines from a low of 24.1% in IS to a high of 32.1% 
in SE. Overall, the percentage is 29.3% and for CS it is 30.0%.

MASTER’S DEGREE PRODUCTION AND 
ENROLLMENTS
In 2017-2018, 38 distinct academic units reported on a total of 
60 master’s programs in computing, up from last year’s 31 units 
and 52 programs, respectively. Of the 38, 26 were public and 
12 private (Tables M1-M2). They accounted for 32 programs 
in computer science, three in computer engineering, seven in 
information systems, eleven in information technology, and 
seven in software engineering. The small number of participat-
ing academic units, students, and programs, especially when 
considered on a discipline-specific basis, should be considered 
when drawing any conclusions from the data presented here. 
Furthermore, the low sample of units that provided master’s de-
gree data to the survey this year and last precludes our drawing 
broad conclusions across multiple years.

Table M3 shows actual degree production in 2016-2017 and 
anticipated change in that production for 2017-2018 broken 
down by discipline. Those institutions responding to this year’s 
survey anticipate an overall 38% decrease in the production of 
master’s degrees in in 2017-2018 over those granted in 2016-
2017 (Table M3). CS programs anticipate a 62.9% decrease. It 
should be noted that this marked change was due almost entire-
ly to a dramatic enrollment change at one unit in particular. If 
that unit were to be omitted, the overall anticipated change in 
degree production across all responding units would constitute 
only a 5.2% decline, with a 2.4% decline for CS programs only. 

In comparison, Taulbee respondents reported an anticipated 
decline in master’s degree production of 11.7% per unit over 
all disciplines combined. Further analysis reveals that rough-
ly half of all NDC master’s programs anticipated at least some 
decline in degree production, similar to last year. However, due 
to the very small sample size, no conclusions should be drawn. 
Across the six year history of the NDC Study, the trend in aver-
age number of master’s degrees awarded per program for both 
CS and all disciplines combined is demonstrated in Figure M1.

Among the 2016-2017 master’s degree graduates, 31.5% 
were female, compared to 29.6% at Taulbee schools. CS, the 
discipline with the largest response size, reported 31.3% female 
graduates, compared to 26.1% reported by Taulbee CS master’s 
programs. Taulbee’s “I” programs reported that 45.7% of their 
master’s degrees were awarded to females compared to 35.1% 
of IS and IT master’s degrees at NDC programs. Figure M2 il-
lustrates the six-year history of master’s program gender data 
reported by NDC.

A comparison of ethnicity data between NDC and Taul-
bee schools (Table M5) shows that NDC schools had a high-
er percentage of Hispanic/Latino US resident graduates (4.5% 
vs. 1.9%), Black/African-American resident graduates (6.4% vs. 
1.6%), and a smaller percentage of White graduates (17.3% vs. 
18.8%). The percentage of Asian graduates in NDC was slightly 
greater than Taulbee (9.1% vs. 7.6%), but the difference was not 
as large as the double-digit percentage gap we’ve seen in the 

TABLE M1. BREAKDOWN OF ACADEMIC UNITS RESPONDING TO MASTER’S 
SECTION OF SURVEY

Number of Units % of Total Responses

Total  Units Proving Data 38 100.0%

Public 26 68.4%

Private 12 31.6%

TABLE M2. SUMMARY OF PROGRAM OFFERINGS

Overall Public Private

Number 
of Units

Number 
of 

Programs
% of Total

Number 
of 

Programs
% of Total

Number 
of 

Programs
% of Total

CS 31 32 53.3% 24 77.4% 8 27.6%

CE 2 3 5.0% 1 3.2% 2 6.9%

IS 5 7 11.7% 1 3.2% 6 20.7%

IT 7 11 18.3% 4 12.9% 7 24.1%

SE 6 7 11.7% 1 3.2% 6 20.7%

Totals 38 60 31 29
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TABLE M3. DEGREE PRODUCTION CHANGE BY DISCIPLINE

2016-2017 2017-2018
% changeNumber  

of Units
Number of 
Programs Actual Per  

Program Projected Per  
Program

NDC Overall 33 54 2,984 55.3 1,850 34.3 -38.0%

CS 26 27 2,189 81.1 813 30.1 -62.9%

CE 2 3 279 93 496 165.3 77.7%

IS 5 7 95 13.6 98 14 2.9%

IT 6 10 209 20.9 195 19.5 -6.7%

SE 6 7 212 30.3 248 35.4 16.8%

TABLE M4. MASTER’S DEGREES AWARDED BY GENDER, DISCIPLINE AND PROGRAM TYPE

Male Female Total Known Gender Gender Unknown Grand Total Number of Units Number of Programs

CS Overall 673 68.7% 306 31.3% 979 1,405 2,384 28 29

CS Public 539 70.6% 224 29.4% 763 1,405 2,168 21 22

CS Private 134 62.0% 82 38.0% 216 0 216 7 7

CS Taulbee 8,956 73.9% 3,162 26.1% 12,118 919 13,037 NA NA

CE Overall 188 67.4% 91 32.6% 279 0 279 2 3

CE Public 70 66.0% 36 34.0% 106 0 106 1 1

CE Private 118 68.2% 55 31.8% 173 0 173 1 2

CE Taulbee 710 78.0% 200 22.0% 910 0 910 NA NA

IS Overall 61 64.2% 34 35.8% 95 0 95 5 7

IS Public 8 72.7% 3 27.3% 11 0 11 1 1

IS Private 53 63.1% 31 36.9% 84 0 84 4 6

IT Overall 98 65.3% 52 34.7% 150 59 209 7 11

IT Public 15 65.2% 8 34.8% 23 59 82 4 4

IT Private 83 65.4% 44 34.6% 127 0 127 3 7

"I" Taulbee 1,690 54.3% 1,422 45.7% 3,112 190 3,302 NA NA

SE Overall 155 73.1% 57 26.9% 212 0 212 6 7

SE Public 48 71.6% 19 28.4% 67 0 67 1 1

SE Private 107 73.8% 38 26.2% 145 0 145 5 6

NDC Overall 1,175 68.5% 540 31.5% 1,715 1,464 3,179 35 57

Taulbee Overall 11,356 70.4% 4,784 29.6% 16,140 1,109 17,249 NA NA

*Program categories where only 1 program provided data. No conclusions should be drawn due to very small sample.  

TABLE M5. MASTER’S DEGREES AWARDED BY ETHNICITY (38 units)

US Residents Others Total

Hispanic/
Latino

American 
Indian/ 
Alaska 
Native

Asian
Native 

Hawaiian/
Pacific 

Islander

Black/ 
African-

American
White

2 or more 
races, non-

Hispanic
Non-

Resident

Total 
Ethnicity, 
Residency 

Known

U.S. 
Residency 

Race 
Unknown

Residency 
Unknown Total

NDC  
Overall

68 2 139 1 98 264 10 945 1,527 45 1,607 3,179

4.5% 0.1% 9.1% 0.1% 6.4% 17.3% 0.7% 61.9% 100.0%

Taulbee 
Overall

300 25 1,214 6 257 3,008 130 11,077 16,017 408 824 17,249

1.9% 0.2% 7.6% 0.0% 1.6% 18.8% 0.8% 69.2% 100.0%
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last two surveys. There was a smaller percentage of non-resi-
dent graduates at NDC institutions than at Taulbee (61.9% vs. 
69.2%), though this gap was also significantly smaller than years 
past. It is useful to note that only 4.8% of total Taulbee master’s 
graduates were marked as residents of unknown ethnicity or 
students of unknown residency. For NDC, the number is 50.6%, 
again suggesting that gathering ethnicity/residency data is a 
challenge at NDC programs (a similar gap was observed in all 
prior years since the beginning of NDC).

Overall enrollment at NDC master’s programs reporting 
this year was 5,439, a 20.2% increase in headcount over last 
year, while the mean enrollment per program was 95.4, a 9.7% 
increase over last year (Table M6). Mean enrollment in CS de-
creased 5.7%. When only those programs that responded both 
years are considered, overall enrollment per program increased 
8%, with CS programs showing a 4.5% increase. The six-year 
trend in average master’s enrollments per program is shown in 
Figure M3 for all disciplines combined and for CS-only.

FACULTY DEMOGRAPHICS
The average faculty size for this year’s responding departments 
is higher than that for last year’s respondents (Table F1). Total 
faculty head count this year averaged 13.5, with an average 11.6 
FTE. Last year’s values were 11.2 and 9.4, respectively. There 
were increases for both tenure-track and part-time/adjunct fac-
ulty. The former went from 5.5 (5.4 FTE) to 6.1 (5.9 FTE), and 
the latter from 4.3 (2.8 FTE) to 5.7 (4.1 FTE).

As has been the case in past years, tenure-track faculty 
comprise a larger fraction of the total faculty at departments 
that do not have master’s programs, while part-time/adjunct 
faculty comprise a larger fraction of the total faculty at depart-
ments that do have master’s programs. Public universities have 
a slightly larger fraction of tenure-track faculty and a smaller 
fraction of part-time/adjuncts than do private universities. For 
both tenure-track and part-time/adjunct faculty, the difference 
between publics and privates is much less than is the difference 
between master’s-granting and non-master’s-granting depart-
ments. This also is similar to observations in past years.

The overall distribution of tenure-track faculty continues to 
be fairly even across ranks. There also is greater similarity in the 
distributions across ranks at public vs private universities this 
year as compared with last year (Table F2).

The percentage of female tenure-track faculty increased to 
25.6% from 24.4% last year (Table F3). Increased percentages 
were present at the assistant professor and associate professor 
ranks, while percentages at the full professor rank were similar 
to those of last year. Ethnic diversity in tenure-track faculty also 
improved this year. The total percentage of tenure-track faculty 
who are Black, Hispanic, Native American, Native Hawaiian/
Pacific Islander, or two or more races, as a percentage for whom 
residency is known, was 6.4% compared to 4.8% last year. In-
creases in this percentage were present at all faculty ranks. The 
biggest ethnicity increase was among Blacks, who this year ac-
count for 2.9% of the total while last year accounting for only 
1.0%. Slight increases also were present among Whites and two 
or more races, while Non-resident Aliens and Hispanics de-
clined somewhat (Table F4). Many of the gender and ethnicity 
changes are the opposite of what was observed last year; this 
probably is due to the changes in the specific departments that 
report in a given year. Figure F1 shows the history of NDC re-
porting of faculty gender and ethnicity for each of the six NDC 
surveys.

Both gender and ethnic diversity among the NDC depart-
ments is greater than that reported for doctoral-granting de-
partments in the CRA Taulbee Survey. Among 2017-2018 
tenure-track faculty, the Taulbee Survey shows 19.1% women 
and 4.5% Black, Hispanic, Native American, Native Hawaiian/
Pacific Islander, or 2 or more races.

TABLE M6. ACTUAL ENROLLMENT CHANGE FROM PREVIOUS YEAR BY DISCIPLINE

All Respondents Units Responding Both Years

2016-2017 2017-2018 2016-2017 2017-2018

Number  
of Units

Number of 
Programs Headcount Mean  

Enroll
Number  
of Units

Number of 
Programs Headcount Mean  

Enroll
% Change 

in Mean per 
Program

Number  
of Units

Number of 
Programs Headcount Mean  

Enroll Headcount Mean  
Enroll

% Change 
in Mean per 

Program

CS 25 26 3,126 120.2 28 29 3,286 113.3 -5.7% 19 20 2,593 129.7 2,709 135.5 4.5%

CE 1 1 185 185 2 3 642 214 15.7% 1 1 185 185 157 157 -15.1%

IS 7 10 397 39.7 5 7 377 53.9 35.8% 5 8 292 36.5 377 53.9 47.7%

IT 5 9 471 52.3 7 11 613 55.7 6.5% 4 8 420 52.5 409 51.1 -2.7%

SE 5 6 346 57.7 6 7 521 74.4 28.9% 5 6 346 57.7 392 65.3 13.2%

NDC 
Overall 31 52 4,525 87 35 57 5,439 95.4 9.7% 23 43 3,836 89.2 4,044 96.3 8.0%
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This year’s 88 respondents to the faculty recruiting question 
sought a total of 108 tenure-track faculty members, and hired 
84 for a success rate of 77.8% (Table F5). This is higher than last 
year’s 75.0% success rate, though lower than the 82.9% rate re-
ported by doctoral-granting U.S. CS departments in the Taulbee 
Survey. Women comprised a remarkable 41.0% of the new ten-
ure-track hires for 2017-2018, much higher than in past years. 

Ethnic diversity among the new tenure-track hires also improved 
considerably. This year’s hiring produced 10.7% who are Black, 
Hispanic, Native American, Native Hawaiian/Pacific Islander, or 
two or more races, among those for whom residency is known 
(Table F6). Last year, this was 4.0%, although two years ago it was 
13.0%. We caution that the small numbers of total hires in these 
categories, both individually and collectively, and the changes in 

TABLE F1. ACTUAL FACULTY SIZE 2017-2018

Faculty  
Type

Overall  
Avg HC

Overall %  
of HC Total

Overall  
Avg FTE

Overall %  
of FTE Total

Public  
FTE

Private  
FTE

Non-Master’s  
FTE

Master’s 
FTE

# respondents 161 161 59 102 119 42

Tenure-track 6.1 45.1% 5.9 50.7% 51.9% 49.5% 62.4% 41.9%

Visiting 0.3 2.4% 0.3 2.6% 1.7% 3.5% 4.2% 1.5%

FT Non-TT 1.3 9.9% 1.3 11.3% 14.6% 8.4% 10.4% 12.0%

PT/Adjunct 5.7 42.7% 4.1 35.4% 31.8% 38.6% 23.1% 44.6%

Total 13.5 11.6

TABLE F2. TENURE-TRACK FACULTY AVERAGE HEADCOUNT BREAKDOWN BY RANK

Faculty Type Overall Overall % Public Private Non-Master’s Master’s

# respondents 156 59 97 114 42

Full Professor 2.3 37.4% 36.0% 38.6% 35.6% 39.3%

Associate 
Professor 1.8 29.7% 28.4% 30.8% 30.1% 29.3%

Assistant 
Professor 1.9 31.7% 34.5% 29.3% 32.9% 30.3%

Other 0.1 1.2% 1.1% 1.4% 1.3% 1.1%

TABLE F3. TENURE-TRACK FACULTY HEADCOUNT BREAKDOWN BY GENDER 
(156 units)

Gender Full  
Prof

Assoc 
Prof

Asst  
Prof

Other  
T-T

Total  
T-T

Total Faculty 365 290 310 12 977

Male 78.9% 73.1% 70.3% 66.7% 74.3%

Female 21.1% 26.9% 29.4% 33.3% 25.6%

Not Reported 0.0% 0.0% 0.3% 0.0% 0.1%

Percent Female* 21.1% 26.9% 29.4% 33.3% 25.6%

* as a percentage of those for whom gender was reported

TABLE F4. TENURE-TRACK FACULTY HEADCOUNT BREAKDOWN BY ETHNICITY 
(131 units)

Ethnicity Full  
Prof

Assoc 
Prof

Asst  
Prof

Other  
T-T

Total  
T-T

Total faculty 365 290 310 12 977

Nonresident Alien 0.5% 1.4% 5.2% 0.0% 2.3%

American Indian/ 
Alaska Native 0.3% 0.0% 0.6% 0.0% 0.3%

Asian 17.8% 22.1% 21.6% 16.7% 20.3%

Black or  
African-American 2.5% 3.1% 2.9% 8.3% 2.9%

Native Hawaiian/ 
Pacific Islander 0.0% 0.3% 0.0% 0.0% 0.1%

White 72.1% 67.2% 61.3% 50.0% 66.9%

Multiracial, not  
Hispanic/Latino 0.5% 1.4% 0.6% 0.0% 0.8%

Hispanic/Latino,  
any race 1.4% 1.7% 2.6% 16.7% 2.0%

Resident, race/ 
ethnicity unknown 0.5% 1.0% 1.6% 0.0% 1.0%

Total Residency 
known 95.6% 98.3% 96.5% 91.7% 96.6%

Residency 
unknown 4.4% 1.7% 3.5% 8.3% 3.4%

Black+Hisp+ 
NatAm+ 
NatHaw+Multi*

4.9% 6.7% 7.0% 27.3% 6.4%

* as a percentage of those for whom residency is known

http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=67&exitLink=http%3A%2F%2Finroads.acm.org


68  acm Inroads  2018 September • Vol. 9 • No. 3

ACM-NDC Study 2017-2018: Sixth Annual Study of Non-Doctoral-Granting Departments in Computing

ARTICLES

NDC Study, there appeared to be a smaller percentage of this 
year’s respondents who require the doctoral degree for hiring 
new assistant professors or full-time non-tenure-track facul-
ty members. The decline in the doctoral requirement for as-
sistant professor hiring was due only to departments that do 
not grant master’s degrees, while the decline for full-time non-
tenure-track faculty was present at both master’s-granting and 
non-master’s-granting departments.

This year, respondents reported on departures for 56 faculty 
members, similar to the 54 departures reported last year. The 
distribution of these departures is shown in Table F8. Com-
pared with the previous year, a smaller fraction of this past 
year’s departures left their former positions for other positions, 
whether the new positions were inside of academia or not. 
Slight increases were present in the percentage of departures 
due to retirement and death.

FACULTY SALARIES
Departments were given the option to report faculty salaries by 
individual faculty member (anonymized) or simply an aggre-
gated median salary for each faculty rank. As has been the case 
for many years, most departments report aggregated salary 
data. However, this year almost 44% reported individual salary 
data, while last year only 32% did so. Table F9 shows the median 
salaries at each rank for those faculty from departments that 
reported individual salaries. These values are true medians of 
the aggregate faculty at each rank among these 41 departments.

Table F10 has the corresponding faculty salary information 
for all departments that reported salary data. This includes those 
departments that reported aggregated salaries at each rank; it 
also includes those that reported individual salaries, as we are 
able to compute the median salary at each rank for each such 
academic unit. The entries in Table F10 are the averages of the 
median salaries among those academic units that reported salary 
data at a given rank. They are not true medians of all faculty sal-
aries nor true averages of all faculty salaries. They also are more 
sensitive to a very high or very low salary in a department with 
a small number of faculty at a given rank, and Table F2 indicates 
that a typical department does indeed have a small number of 
faculty at a given rank. For this reason, we do not make compar-
isons of this year’s values with those from last year. As has been 
observed in past years, the average of the median salaries is high-
er at all ranks for those departments that have graduate programs 
as compared with those having only undergraduate programs. 
This year, there were somewhat higher values for departments at 
private universities as compared with departments at public uni-
versities, except at the associate professor level. This public-pri-
vate comparison is the reverse of what was reported last year.

CONCLUSION
We continue to see enrollment growth in most areas of com-
puting, and, specifically, in CS. We also see enrollment growth 
manifested in increased numbers of bachelor-degrees in each 

TABLE F5. FACULTY RECRUITING DURING 2016-2017 (88 RESPONDENTS)

Faculty Type Number 
Sought Avg/Unit Number 

Filled
Success 

Rate

Tenure-track 108 1.23 84 77.8%

Full Professor 2

Associate 
Professor 11

Assistant 
Professor 70

Other 1

Visiting 27 0.31 24 88.9%

FT Non-TT 25 0.28 22 88.0%

PT/Adjunct 122 1.39 119 97.5%

TABLE F6. GENDER AND ETHNICITY OF NEWLY HIRED FACULTY (88 units)

Gender Tenure-Track % of Total

Male 49 58.3%

Female 34 41.0%

Unknown 1 1.2%

Ethnicity Tenure-Track % of Total

Nonresident Alien 6 7.1%

American Indian/Alaska Native 1 1.2%

Asian 25 29.8%

Black or African-American 7 8.3%

Native Hawaiian/Pacific Islander 0 0.0%

White 43 51.2%

2 or more races 0 0.0%

Hispanic/Latino, any race 1 1.2%

Resident, race/ethnicity unknown 1 1.2%

Total Residency known 84 100.0%

Residency unknown 0 0.0%

Black+Hisp+NatAm+NatHaw+Multi 9 10.7%

the set of departments reporting in a given year, make it risky to 
draw wider conclusions from these data. Figure F2 illustrates the 
changes in these data from year to year in the NDC.

Table F7 shows the degree required for hiring and promo-
tion of faculty at different ranks. These data do not change 
much from year to year. However, compared to the 2016-2017 
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TABLE F8. TENURE-TRACK FACULTY DEPARTURES (105 units)

NDC

Responding units with departures 42

Total number of departures 56

Reason for Departure (percent)

Retired 44.6%

Deceased 5.4%

Other ac position 19.6%

Non-ac position 12.5%

Changed to PT 3.6%

Other reason 12.5%

Reason unknown 1.8%

TABLE F7. DEGREE REQUIRED FOR FACULTY PERSONNEL DECISIONS

Required Degree Hiring Full Prof Hiring Assoc Prof Hiring Asst Prof Hiring FT Non-TT Tenure Promotion to Full 
Prof

Promotion to 
Assoc Prof

Overall (148)

Doctoral 95.1% 91.7% 75.0% 13.2% 88.9% 96.6% 89.8%

Masters 4.9% 8.3% 25.0% 84.0% 11.1% 3.4% 10.2%

Bachelors 0.0% 0.0% 0.0% 2.8% 0.0% 0.0% 0.0%

Public (54)

Doctoral 98.1% 94.3% 81.5% 5.7% 92.5% 96.3% 90.7%

Masters 1.9% 5.7% 18.5% 94.3% 7.5% 3.7% 9.3%

Bachelors 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

Private (94)

Doctoral 93.4% 90.2% 71.3% 17.6% 86.8% 96.7% 89.2%

Masters 6.6% 9.8% 28.7% 78.0% 13.2% 3.3% 10.8%

Bachelors 0.0% 0.0% 0.0% 4.4% 0.0% 0.0% 0.0%

Non-Master’s (111)

Doctoral 93.5% 89.0% 69.4% 14.8% 87.0% 95.5% 88.3%

Masters 6.5% 11.0% 30.6% 81.5% 13.0% 4.5% 11.7%

Bachelors 0.0% 0.0% 0.0% 3.7% 0.0% 0.0% 0.0%

Master’s (37)

Doctoral 100.0% 100.0% 91.9% 8.3% 94.4% 100.0% 94.4%

Masters 0.0% 0.0% 8.1% 91.7% 5.6% 0.0% 5.6%

Bachelors 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

TABLE F9. MEDIAN FACULTY SALARIES (FROM INDIVIDUAL SALARY DATA)

Overall Public Private Non-Master’s Master’s

Units responding 41 24 17 30 11

Full Professor

Number of individual faculty 71 46 25 40 31

Median Salary 107,740 106,513 112,560 103,937.50 107,740

Associate Professor

Number of individual faculty 61 44 17 32 29

Median Salary 94,269 94,549.50 89,810 86,375.50 95,048

Assistant Professor

Number of individual faculty 97 80 17 48 49

Median Salary 82,100 81,600 88,900 76,345 87,000

Other

Number of individual faculty 54 39 15 18 36

Median Salary 62,775 58,710 71,575 60,989 64,425
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area of computing. It is encouraging to see increased gender 
diversity in the CS bachelor-degree graduates, as well as in new 
computing faculty hires.

Overall bachelor’s program enrollment was 17% higher than 
reported last year, while average FTE faculty size increased by 
23%. Although overall progress was made this year in faculty 
hiring relative to enrollment growth at reporting NDC pro-
grams, almost all of the progress was due to the hiring of part-
time/adjunct faculty, whose appointments typically are tempo-
rary in nature. Due to the decade-long enrollment surge, our 
academic units continue to face a major challenge in teaching 
capacity. Faculty workload and adequacy of faculty size are in-
creasing problems at most NDC units, as observed in the re-
cent CRA report on the decade-long growth in CS enrollments 
[4], and reinforced in concerns expressed by students at multi-
ple institutions (both Taulbee and NDC) [2]. These problems 
demand continued vigilance to find sustainable solutions.

If your program participated in the 2017-2018 ACM-NDC 
study, thank you for your help. The 2018-2019 survey will go 
out to qualifying programs in the fall of 2018 (look for an-
nouncements coming early in the fall). We would love to hear 
from you about how the survey can be improved, and look for-
ward to your continued, annual participation. If you are at a 
qualifying program but were not able to participate, or were 
never contacted, we want to hear from you as well. Please send 
all comments and queries to Yan Timanovsky, ACM Education 
Manager at yan.timanovsky@acm.org.

LIST OF 2017-2018 ACM-NDC 
PARTICIPATING ACADEMIC UNITS
Albright College; Amherst College; Arcadia University 
Department of Computer Science & Mathematics; Arkansas 
State University Department of Computer & Information 
Technology; Azusa Pacific University; Baldwin Wallace 
University; Beacon College; Benedictine College; Bethel 
University Department of Math & Computer Science; Biola 

University; Blackburn College; Bloomsburg University of 
Pennsylvania; Bluefield State College; Boise State University 
Computer Science Department; Bowling Green State University 
Department of Computer Science; Bryn Mawr College; Butler 
University Department of Computer Science and Software 
Engineering; California State University, Fullerton Department 
of Computer Science; Calvin College Department of Computer 
Science; Canisius College Computer Science Department; 
Capital University; Carleton College; Carnegie Mellon 
University Department of Electrical and Computer Engineering 
(ECE); Central College; Central Connecticut State University 
Department Of Computer Science; Cheyney University of 
Pennsylvania; City University of Seattle Technology Institute; 
Cleveland State University College of Engineering; Colby 
College; Colgate University; College of Engineering, California 
State University, Long Beach; College of New Jersey Computer 
Science Department; College of Saint Benedict and Saint 
John’s University; College of the Holy Cross; Colorado College; 
Columbia College; Covenant College; Creighton University; 
CUNY John Jay College of Criminal Justice; CUNY York 
College; Delaware State University Department of Computer & 
Information Sciences; Denison University; DePauw University; 
Dickinson College; Drury University; Eastern Mennonite 
University; Eastern Oregon University; Eastern Washington 
University; Edinboro University of Pennsylvania; Elizabethtown 
College; Evangel University; Gallaudet University Information 
Technology Program; Gannon University College of 
Engineering and Business; Georgia College & State University; 
Gordon College; Governors State University Division of 
Computing-Mathematics and Technology; Grace College & 
Theological Seminary Information Systems Program; Grand 
Valley State University; Grinnell College; Grove City College; 
Hamilton College; Hampshire College Computer Science 
Program; Hannibal-Lagrange College; Harding University; 
Harvey Mudd College; Henderson State University; Hendrix 
College; Hiram College; Howard Payne University - School of 
Business; Humboldt State University; Huntington University; 

TABLE F10. FACULTY SALARIES (FROM AGGREGATE SALARY DATA)

Overall Public Private Non-Master’s Master’s

Units responding 94 43 51 63 31

Full Professor

Units responding 74 34 40 47 27

Average of Median Salary 103,707 101,721 105,363 102,372 105,917

Associate Professor

Units responding 68 33 35 41 27

Average of Median Salary 88,194 89,623 86,884 86,120 91,419

Assistant Professor

Units responding 70 39 31 42 28

Average of Median Salary 78,137 76,529 80,148 77,428 79,189

Other

Units responding 47 28 19 24 23

Average of Median Salary 55,688 58,163 52,917 49,058 64,336
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Trinity University; Union College (NY) Computer Science 
Department; United States Air Force Academy Department 
of Computer Science; University of Akron College of Business 
Administration; University of Central Missouri Department 
of Mathematics and Computer Science; University of Central 
Oklahoma; University of Evansville; University of Hawaii 
at Hilo; University of Houston-Downtown Management 
Information Systems Program; University of Minnesota-
Morris; University of Nebraska at Kearney; University of New 
Hampshire at Manchester; University of New Haven; University 
of North Carolina at Asheville; University of North Carolina 
at Greensboro; University of North Carolina Wilmington 
Department of Computer Science; University of South Carolina-
Beaufort; University of Wisconsin-Oshkosh Department of 
Computer Science; University of Wisconsin-Platteville; Upper 
Iowa University School of Science and Mathematics; Valparaiso 
University Department of Mathematics & Computer Science; 
Villanova University Department of Computing Sciences; Walla 
Walla University Department of Computer Science; Wartburg 
College; Wellesley College; Western Carolina University; 
Western New England University; Western Washington 
University; West Virginia State University; Wheaton College 
(IL); Whitworth University; William Penn University; Winston-
Salem State University; Wisconsin Lutheran College; Xavier 
University Department of Computer Science; Xavier University 
of Louisiana.   
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Illinois State University; Illinois Wesleyan University; Indiana 
University-Purdue University-Fort Wayne Department of 
Computer Science; Indiana University-Purdue University 
Indianapolis Computer Engineering Program; Indiana 
Wesleyan University Division of Mathematics and Computer 
Information Sciences; Iona College; Ithaca College; Juniata 
College; Kalamazoo College; Kean University; Kennesaw State 
University Department of Computer Science; Knox College; 
Kutztown University of Pennsylvania; Lake Forest College; Lake 
Superior State University School of Mathematics & Computer 
Science; La Salle University; Le Moyne College; LeTourneau 
University; Lewis & Clark College; Longwood University; 
Loyola University Maryland Department of Computer 
Science; Macalester College; Marlboro College; Marymount 
University; McNeese State University; Miami University - 
College of Engineering & Computing; Middlebury College 
Department of Computer Science; Millersville University of 
Pennsylvania; Millikin University; Mills College - Department 
of Computer Science; Milwaukee School of Engineering; 
Missouri State University Department of Computer Science; 
Monmouth University; Montana Tech Department of 
Computer Science; Mount Holyoke College; Mount St. 
Mary’s University Department of Mathematics and Computer 
Science; New College of Florida Computer Science Program; 
North Carolina Agricultural and Technical State University 
Department of Computer Systems Technology; Northern 
Kentucky University; Northwestern College; Northwestern 
State University of Louisiana; Northwest Nazarene University; 
Oberlin College; Ohio Northern University; Ohio Wesleyan 
University; Oklahoma Christian University College of 
Engineering and Computer Science; Olivet Nazarene 
University; Otterbein University; Ouachita Baptist University; 
Our Lady of the Lake University-San Antonio; Park University; 
Plymouth State University; Point Loma Nazarene University; 
Pomona College; Quinnipiac University School of Engineering; 
Ramapo College of New Jersey; Regis University College of 
Computer & Information Sciences; Rhodes College; Roger 
Williams University; Rollins College; Rose-Hulman Institute 
of Technology Department of Computer Science and Software 
Engineering; Rowan University Department of Computer 
Science; Saint Edward’s University; Saint Michael’s College; 
San Diego State University Computer Science Department; San 
Francisco State University Department of Computer Science; 
Schreiner University; Seattle University; Siena College; Smith 
College; Sonoma State University Department of Computer 
Science; South Dakota School of Mines and Technology 
Mathematics and Computer Science Department; Southern 
Connecticut State University; Southern Illinois University 
Edwardsville Computer Management and Information Systems; 
Southern Illinois University Edwardsville Department of 
Computer Science; Southern Oregon University; Southwestern 
University; State University of New York at Brockport; St. 
Cloud State University Department of Information Systems; 
SUNY College at Potsdam; The College of St. Scholastica; 
The College of Wooster; Thiel College; Trinity College; 
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http://www.abet.org/
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CPSR	 Computer	Professionals	for	Social	Responsibility	
http://cpsr.org/

CRA	 Computer	Research	Association	
https://cra.org/

CCSC	 Consortium	for	Computing	Sciences	in	Colleges	
http://www.ccsc.org

EngageCSEdu	 Engage	CS	EDU	
https://www.engage-csedu.org/

IEEE	 Institute	of	Electrical	and	Electronics	Engineers	
https://www.ieee.org/index.html

MAA	 Mathematical	Association	of	America	
https://www.maa.org/

MAES	 Latinos	in	Science	and	Engineering	
http://mymaes.org/

NCWIT	 National	Center	for	Women	and	Technology	
https://dev.ncwit.org/

NSBE	 National	Society	of	Black	Engineers	
http://www.nsbe.org/home.aspx

SHPE	 Society	of	Professional	Hispanic	Engineers	
http://www.shpe.org/

WICS	 Women	in	Computer	Science	
https://www.computerscience.org/resources/women-in-computer-science/

ACM Special Interest Groups
SIGACCESS	 Accessibility	and	Computing	

http://www.sigaccess.org/

SIGCAS	 Computers	and	Society	
http://www.sigcas.org/

SIGCHI	 Computer-Human	Interaction	
http://www.sigchi.org/

SIGCSE	 Computer	Science	Education	
http://www.sigcse.org/

SIGGRAPH	 Computer	Graphics	
http://www.siggraph.org/

SIGHPC	 High	Performance	Computing	
http://www.sighpc.org/

SIGITE	 Information	Technology	Education	
http://www.sigite.org/

SIGMIS	 Management	Informaton	Systems	
http://www.sigmis.org/

SIGPLAN	 Programming	Languages	
http://www.sigplan.org/

SIGSOFT	 Software	Engineering	
https://www.sigsoft.org/index.html

http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=https%3A%2F%2Fwww.aacc.nche.edu%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=http%3A%2F%2Fwww.abet.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=https%3A%2F%2Fwww.acm.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=https%3A%2F%2Fwomen.acm.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=https%3A%2F%2Faisnet.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=http%3A%2F%2Fwww.aises.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=http%3A%2F%2Fcpsr.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=https%3A%2F%2Fcra.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=http%3A%2F%2Fwww.ccsc.org
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=https%3A%2F%2Fwww.engage-csedu.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=https%3A%2F%2Fwww.ieee.org%2Findex.html
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=https%3A%2F%2Fwww.maa.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=http%3A%2F%2Fmymaes.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=https%3A%2F%2Fdev.ncwit.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=http%3A%2F%2Fwww.nsbe.org%2Fhome.aspx
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=http%3A%2F%2Fwww.shpe.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=https%3A%2F%2Fwww.computerscience.org%2Fresources%2Fwomen-in-computer-science%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=http%3A%2F%2Fwww.sigaccess.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=http%3A%2F%2Fwww.sigcas.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=http%3A%2F%2Fwww.sigchi.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=http%3A%2F%2Fwww.sigcse.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=http%3A%2F%2Fwww.siggraph.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=http%3A%2F%2Fwww.sighpc.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=http%3A%2F%2Fwww.sigite.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=http%3A%2F%2Fwww.sigmis.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=http%3A%2F%2Fwww.sigplan.org%2F
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=74&exitLink=https%3A%2F%2Fwww.sigsoft.org%2Findex.html


• Amherst College
• Appalachian State University
• Armstrong State University
• Ball State University
• Bellevue College
• Berea College
• Binghamton University
• Boise State University
• Bryant University
• Calvin College
• Colgate University
• Colorado School of Mines
• Creighton University
• Cuyahoga Community College
• Edgewood College
• Franklin University
• Gallaudet University
• Georgia Institute of Technology
• Governors State University
• Harding University
• Harvard University
• Hofstra University
• Howard Payne University
• Indiana University Bloomington
• Kent State University
• Klagenfurt University, Austria
• La Sierra University
• Messiah College
• Missouri State University

• Montclair State University
• Mount Holyoke College
• New Jersey Institute of Technology
• Northeastern University
• Ohio State University
• Old Dominion University
• Pacific Lutheran University
• Pennsylvania State University
• Regis University
• Roosevelt University
• Rutgers University
• Saint Louis University
• San José State University
• Shippensburg University
• St. John’s University
• Stanford University
• State University of New York   

at Fredonia
• Trine University
• Trinity University
• Union College
• Union University
• Univ. do Porto, Faculdade de Eng. 

(FEUP)
• University of Alabama
• University of California, Riverside
• University of California, San Diego
• University of California, Santa Cruz
• University of Colorado Boulder

• University of Colorado Denver
• University of Connecticut
• University of Houston
• University of Illinois at Chicago
• University of Jamestown
• University of Liechtenstein
• University of Maryland, Baltimore 

County
• University of Memphis
• University of Nebraska at Kearney
• University of Nebraska Omaha
• University of New Mexico
• University of North Carolina   

at Charlotte
• University of North Dakota
• University of Puget Sound
• University of Southern California
• University of the Fraser Valley
• University of Victoria, BC Canada
• University of Wisconsin–Parkside
• University of Wyoming
• Virginia Commonwealth University
• Wake Forest University
• Wayne State University
• Wellesley College
• Western New England University
• Worcester State University

ACM now offers an Academic Department Membership option, which allows universities and colleges to provide 

ACM Professional Membership to their faculty at a greatly reduced collective cost. 

The following institutions currently participate in ACM’s Academic Department Membership program:

For more information: www.acm.org/academic-dept-membership

ACM Welcomes the Colleges and Universities 
Participating in ACM’s Academic 

Department Membership Program

Through this program, each faculty member receives all the benefits of individual professional membership, 

including Communications of the ACM, member rates to attend ACM Special Interest Group conferences, member 

subscription rates to ACM journals, and much more.
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By Todd Neller,  
Gettysburg College, Dept of Computer ScienceRook Jumping Maze
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Todd Neller, Gettysburg College, Dept of Computer Science, tneller@gettysburg.edu          DOI: 10.1145/3182185 Copyright held by author. Publication rights licenced to ACM.

This puzzle and the Rook Jumping Maze of the Day (http://cs.gettysburg.edu/~tneller/rjmaze) 
are generated through a stochastic local search designed by faculty and students at 
Gettysburg College. Would you like to learn more about maze design concepts such 
as “white holes””? Read about our design process in the paper “Rook Jumping Maze 
Design Considerations” (http://cs.gettysburg.edu/~tneller/papers/iccg10.pdf).

Instructions: From each numbered square, one may move that exact number 
of squares horizontally or vertically in a straight line. Starting at the circled 
square in the upper-left corner, find a path to the goal square marked “G”.  
How many moves does the shortest path have?

http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=76&exitLink=mailto%3Abarr%40ithaca.edu
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http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=76&exitLink=http%3A%2F%2Fcs.gettysburg.edu%2F%7Etneller%2Fpapers%2Ficcg10.pdf
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=76&exitLink=http%3A%2F%2FWWW.ISTOCKPHOTO.COM%2FVASJAKOMAN


As human ac� vi� es moved to the digital domain, so did all the well-known malicious behaviors 
including fraud, the� , and other trickery. There is no silver bullet, and each security threat calls for a 
specifi c answer. One specifi c threat is that applica� ons accept malformed inputs, and in many cases 
it is possible to cra�  inputs that let an intruder take full control over the target computer system.
The nature of systems programming languages lies at the heart of the problem. Rather than 
rewri� ng decades of well-tested func� onality, this book examines ways to live with the 
(programming) sins of the past while shoring up security in the most effi  cient manner possible. 
We explore a range of diff erent op� ons, each making signifi cant progress towards securing legacy 
programs from malicious inputs.  This book provides readers with some of the most infl uen� al 
works on run-� me exploits and defenses.

http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=IBC&exitLink=http%3A%2F%2Fbooks.acm.org
http://mags.acm.org/inroads/september_2018/TrackLink.action?pageName=IBC&exitLink=http%3A%2F%2Fwww.morganclaypoolpublishers.com%2Facm


In-depth.
Innovative.
Insightful.
Inspired by the need for high-quality 
computer science publishing at the 
graduate, faculty and professional 
levels, ACM Books is a� ordable, 
current, and comprehensive in scope.

For more information, please visit
http://books.acm.org

Association for Computing Machinery
2 Penn Plaza, Suite 701, New York, NY 10121-0701, USA
Phone: +1-212-626-0658 Email: acmbooks-info@acm.org
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