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Integration of Best Practices (BP) into Computing Gateway 
Courses: Implications for Success in the Discipline 

 
Computing “gateway” courses, i.e., Programming I (CS1) and Programming II 
(CS2), in addition to providing the first introduction to the discipline, also present 
students with foundational knowledge that is critical for success in the discipline. 
The gateway courses are not only the most critical for retention in the major but 
also for success in the major. At a R1 institution with more than 4,300 computing 
majors, we implemented four interventions known for improving student success 
rates (which we collectively term “Best Practices” or BP) into computer science 
(CS) gateway courses: synchronized content, common assessment, hands-on 
learning, and undergraduate teaching assistants. Over a two-year period, we tracked 
students (more than 6,000 anonymized student records) who took BP gateway 
course sections and compared their passing rates in multiple upper-division CS 
courses to the pass rates of students who took non-BP gateway sections. We also 
perform ANalysis Of VAriance (ANOVA) on the data to determine if there is a 
statistically significant connection between enrollment in a BP-gateway CS course 
and passing an upper-division CS course. We performed these analyses over the 
same time period to remove external confounding factors such as COVID-19 and 
the ubiquity of large-language models (LLMs), and additionally confirmed 
teaching evaluations as a non-confounding factor through subsequent ANOVA 
analysis. In the end, we found that for all CS upper-division core courses, the pass 
rate for students who had completed a BP gateway course section were higher than 
the pass rate for students who did not, and with very few exceptions, this difference 
was both a double-digit increase and statistically significant. Also, for every course 
where these interventions were implemented, student success rates improved. 
These results illustrate that these four BP interventions can create a positive 
feedback loop when implemented across the board, both improving the success 
rates of their target gateway course and additionally translating to improved 
performance in upper-division courses (even those that have not implemented BP).



                 

 

1 Introduction 
 
The term “gateway” course refers to courses that are critical for success in a major [1].  Gateway 
courses are typically taken early in the curriculum, providing foundational knowledge upon which 
other major requirements build, and are therefore some of the most important courses for major 
retention [2].  This also holds in the computing field.  Statistically, most  students who switch out 
of computing do so sometime during the gateway sequence, especially the first course in the 
programming sequence (CS1) [3].  Pioro [4] showed statistically significant correlations between 
performance on both programming problems and multiple choice questions on final exams from 
an introductory CS course and GPA two years later.  Beck et al. identified a specific set of 
questions from an introductory programming course that could predict future success in the 
discipline [5].  
 
Gateway courses offer both challenges and opportunities with respect to being high risk and highly 
enrolled, and computing is no exception [6].  Relative to other courses in the computing discipline, 
computing gateway courses tend to have higher DFW rates [7].  Additionally, computing gateway 
class sizes tend to be larger than non-gateway courses [8], and students enter these courses with a 
wide range of prior programming experience, ranging from none to expert [9].   Collectively, this 
creates an environment with the most heterogeneous set of student needs, with one of the highest 
student-to-faculty ratios, in courses that are most critical for discipline retention and success.    
 

1.1 Related Work 
 
These same challenges illustrate the opportunities that arise from and the potential power of 
interventions in the computing gateway sequence.  Previous studies have connected pedagogical 
interventions in gateway courses with success in those same gateway courses.  For example, 
Benkarroum et al. [10] demonstrated improved student engagement and problem-solving 
proficiency upon infusing computational thinking into their CS1 course.  A team of faculty at 
Alabama A&M University [1] improved student cognitive and non-cognitive skills, in addition 
to DFW rates, by integrating problem- and project-based learning within their CS1 course.  
Davis [11] demonstrated improvements in multiple metrics (final grades, DFW rates, CS 



Concept Inventory, tutorial completion rates and test performance) upon integration of various 
hands-on learning practices within a CS1 course.  
 
Additionally, studies have illustrated the relationship between success in gateway courses and 
success in upper-level computing courses.  Bisgin et al. [14] reported a statistically significant 
correlation (p < 1e-3) between CS2 and Data Structures grades over more than one hundred 
students.  Sondakh and Pungus [15] demonstrated a statistically significant correlation between 
Programming I (CS1) and Programming II (CS2) grades with over six years of student data at 
Universitas Klabat.  This study found that students who received a “C” in Programming I and/or 
Programming II took an average of one semester longer to graduate compared to students who 
received an “A”.  In Programming II, students who received a “C-” actually took 1.5 semesters 
longer to graduate. 

1.2 Hypothesis 
 
Given these two observations, namely: 

(1) Pedagogical interventions in gateway courses translate to success in those same gateway 
courses. 

(2) There is a relationship between success in gateway courses and success in upper-level 
computing courses. 

 
Our hypothesis is that a transitive dependence holds, i.e.: pedagogical interventions in 
gateway courses translate to success in upper-level computing courses.   
 
However, to our knowledge, no explicit connections have been established in the literature. A 
twelve-year study by Salguero et al. [13] illustrated statistically significant correlations between  
pedagogical interventions in CS1 and more global metrics, such as major retention and switch 
(into) rates, time to degree for students with prior programming experience, and upper-division 
GPAs for students without prior programming experience.  Their interventions included media 
computation (teaching programming in the context of manipulating images and sounds), pair 
programming (alternating “driver” and “navigator” roles while programming), and peer 
instruction (with lecture structured as a discussion between instructor and other peers).   
 
In our study, we propose to implement pedagogical interventions in a subset of our CS1 and CS2 
course sections, follow students through the discipline, and determine if students who took the 
pedagogically-modified sections experience greater success in subsequent CS coursework than 
those who did not.   
 

1.3 Study Objectives 
 
We chose four interventions with documented success for improving success rates in both general 
and computing-specific coursework, to which we collectively refer as “Best Practices” (BP).  
These include:  
 



Synchronized Content.  This addresses the problem of course coordination, as a method for 
ensuring consistency across different sections of gateway courses [16].  For CS1, this amounted 
to an average of six sections every semester (420 students total), and for CS2, an average of nine 
sections (469 students total), Many models for implementing course coordination exist, with 
various associated levels of content synchronicity.  In an attempt to balance synchronized content 
while upholding academic freedom and recognizing that instructors of a course are the ultimate 
experts in the associated material, we choose a hybrid uniform/non-uniform model [17].  Every 
semester we formed two committees (one for CS1, the other for CS2), that each consisted of the 
faculty teaching those respective courses in that semester.  Upon initial formation, these 
committees were tasked with developing a uniform master syllabus for their respective courses.  
These committees then met bi-weekly and agreed on the portions of this master syllabus that 
should be uniform, and those that could be non-uniform.  The presence of the master syllabus was 
used to help create a mentality where uniformity would be the “default”, and non-uniformity would 
be the “exception”.  Newly integrated faculty every semester would first use the master syllabus 
as a reference, and any change they proposed would need to be collectively approved by their 
respective committees. 
 
Common Assessment.  Uniform assessment practices across sections can hold many advantages 
in terms of reducing cross-instructional variability and resource sharing, in addition to flexible 
support across different sections of a course [18].  Once again, to achieve an adequate balance with 
upholding academic freedom, we used a hybrid model similar to our strategy for synchronized 
content.  Every semester, the CS1 and CS2 committees would collaboratively build an exam bank 
for their respective courses.   Each examination would have (1) a certain percentage of its questions 
from the bank and be consistent across all sections, (2) a certain percentage of its questions 
randomly pulled from the bank, and (3) a certain percentage of its questions developed 
independently by each instructor.  These percentages were determined by the respective 
committees and had the flexibility to change every semester as the course instructors deemed 
necessary.  Assignments were also shared amongst the faculty, once again with the potential for 
some variation (assignments unique to a specific section, or slightly different flavors from another 
sections); but as with examinations, any such variation needed to be mutually agreed upon by all 
members of the committee. 
 
Hands-On Learning.  Hands-on learning, centered around the concept of learning by doing, has 
its underpinnings in the methods by which humans construct knowledge by interacting with their 
environment [19] and experiential learning theory [20].  The benefits of hands-on learning on 
knowledge retention are well-established and common practice 
[21][22][23][24][25][26][27][28][29][30], explicitly recognized for computer programming 
courses [31], general STEM courses [32], and even in non-academic climates for training workers 
[33][34].  Experiential learning has also been shown to be vital for computing education 
accessibility [35], even for upper-level machine learning [36] and theory [37] courses.  The 
primary resource used to administer hands-on learning in our programming gateway courses was 
laboratory programming assignments, conducted under the guidance of the instructor and 
undergraduate teaching assistants (described next) during the normal classroom session.  While 
the exact percentages of lecture and activity were not identical across all sections, faculty teaching 
our gateway courses agreed that the majority of their session time was to be devoted to the 
activities rather than the lectures.  



 
Undergraduate Teaching Assistants (UTAs).  Incorporating undergraduates as teaching 
assistants in the classroom has been shown to both improve achievement of learning outcomes 
[38] and promote hands-on learning [39] in undergraduate courses.  There are several key 
advantages to UTAs, compared to graduate teaching assistants (GTAs).  First, a UTA will likely 
have taken the exact course for which they are assisting, at the same institution.  Second, a UTA 
can be more relatable [40] because they are closer in age and have propagated through the same 
undergraduate program; UTAs are more likely to share similar experiences with the students they 
are assisting.  A “side-benefit” for the instructor is that UTAs can provide an avenue through which 
an instructor can receive more accurate feedback about a student’s well-being in the course [41].   
Numerous benefits of UTAs have been documented in computer science [42], including unique 
perspectives on course material [43], creating better community [44], more detailed tailored 
feedback [45], and finally improving student participation [46], retention [47],  motivation [48], 
and satisfaction [49].   For our gateway courses (both BP and non-BP) we supplied support at a 
rate of one UTA (20 hours per week) for every twenty-five students.  During our intervention 
period, gateway courses were the only courses eligible for UTAs and instructors for gateway 
courses were allowed and encouraged to recruit their own UTAs.  Additionally, we set a 
requirement that a UTA must have passed the course for which they are assisting with a “B” or 
above.  Responsibilities for UTAs included: completing a required training course and orientation, 
attending weekly meetings the assigned course instructor, leading review and sessions, assisting 
inside and outside of class (including office hours), facilitating class projects, writing study guides, 
notes, and practice problems, and proctoring quizzes and exams. 
 
Our study was conducted in three phases: 
 
Phase A. We implemented BP in the CS1 and CS2 courses and compared success rates of students 
taking BP sections with those taking non-BP sections.  Registration was conducted using normal 
practices at our institution, and students openly registered for CS1 and CS2 sections without a 
priori knowledge of whether the section was BP or non-BP. 
Phase B. We tracked students who took BP sections of CS1 and CS2 and compared their 
subsequent performance in three upper-level computer science (CS) courses further down the 
prerequisite chain, with the performance of students who took non-BP CS1 and CS2 in the three 
upper-level classes. 
Phase C. After Phase B was complete, we implemented BP in the three upper-level courses, and 
in the CS1 and CS2 equivalents in our information technology (IT) program – across all modalities: 
in-person, online (asynchronous and synchronous), and hybrid. We then compared the success 
rates of students in the BP sections compared to those taking the non-BP sections.1  
 
Success particularly in Phase B illustrates the power of pedagogical intervention in computer 
science gateway courses and the impact it has on student success in upper-level coursework.  From 
the perspective of a computing faculty and/or administrator, success in phases A and C would 
verify these BP practices as a robust set of strategies that could improve success rates independent 
of computing “flavor” (CS or IT) or location in the prerequisite chain, with phase B creating a 

 1 The CS1 and CS2 course in our IT degree differ somewhat in their outcomes from the CS gateway sequence. The CS1 in IT only covers I/O (particularly file) slightly, much less than what is covered in CS. The CS2 in IT completely omits recursion and introductory data structures, such as linked-lists, stacks and queues, since our IT degree does not require data structures. In contrast, such topics are well covered in the CS2 course in CS.  This is consistent with Accreditation Board for Engineering and Technology (ABET) requirements [50], for which our BS degrees in both disciplines have received accreditation.  



positive feedback loop for the latter.  It should be noted that grades only provide one perspective 
on academic success [51], and future work should consider other metrics such as sense of 
belonging [52], engagement [53], career readiness [54], etc., in order to establish a more complete 
picture.   
 

2 Findings/Results 
 
Our institution has a core prerequisite chain of required computer science courses shown in Figure 
1.  Our gateway courses (shaded) are CS1 (Programming I), and CS2 (Programming II).  BP 
interventions commenced in CS1 during the Fall 2021 (FA21) semester, and in CS2 during the 
Spring 2022 (SP22) semester.  
 

 
Figure 1.  CS required course prerequisite chain.   
 

2.1 Phase A: Impact of BP on Gateway Course Success Rates  
For this phase, we track all data for BP and non-BP gateway course sections from the starting 
period of intervention (CS1 FA21, CS2 SP22)  through SP23.  Table 1 shows demographics 
(ethnicity and gender) of this student population.  Departmentally during this this period, our 
undergraduate population consisted of mostly (40.5%) the standard 18-21 age group, followed by 
22-24 (26.7%), 25-29 (19.1%), 30-39 (10.7%), 40+ (2.5%) and <18 (0.5%).    
 
 CS1 (1,890 students) CS2 (1,757 students) 
Ethnicity 
American Indian/Alaskan Native 1 2 
Asian 94 73 
Black/African American 227 205 
Hispanic 1177 1124 
Nonresident Alien 124 129 
Unknown 12 13 
Pacific Islander 0 1 
Two or More Races 41 35 
White 214 175 



Gender 
Male 1452 1417 
Female 438 340 

Table 1.  CS1 and CS2 demographics from the start of intervention through SP23. 
 
For our purposes throughout this study, we define “success rate” as the passing rate, calculated as 
the percentage of students who received a grade of “C” or above.   Note that in our department, a 
grade of “C” is the minimum requirement for passing each of these courses and we do not have 
grades of “C-”. Raw passing rates were tracked by section and semester of CS1 and CS2 allowing 
us to track whether a course section was BP or non-BP.  Table 2 shows the improvements. 
 
Gateway 
Course 
(Total 
Students) 

Non-BP Success Rate 
(%) 

BP Success Rate (%) Improvement 

CS1 (1,890) 82 89 +7% 
CS2 (1,757) 77 88 +11% 

Table 2. CS1 and CS2 success rates for students who took non-BP sections, compared to BP 
sections. 
 
As each of these pedagogical practices incorporated in BP have already been documented as 
successful for improving success rates in the literature (both for general and computing-specific 
courses), we would expect the same result here.  The results support the conjecture that BP 
instructors implemented these pedagogical interventions in a correct and effective manner, 
achieving improvements consistent with expectations. 
 

2.2 Phase B: Impact of BP in Gateway Courses on Success in Upper-Division Courses  
Next, we track students who took BP and non-BP sections of our gateway courses and compare 
their performance in upper-division courses in our core prerequisite chain shown in Figure 1.  
These upper-division courses include Data Structures, Programming III, and Operating Systems.  
For CS1, we also track student performance in CS2.  Collectively this amounts to seven course 
pairs consisting of one gateway and upper-division course in our prerequisite chain: CS1+{CS2, 
Data Structures, Programming III, Operating Systems} and CS2+{Data Structures, Programming 
III, Operating Systems}.   Fully anonymized data was provided by our Office of Accountability 
and Information Management (AIM), with each record consisting of: a unique hash value for every 
student (we were not provided the mapping), section and semester of gateway course, section and 
semester of upper-division course, and grade in the upper-division course (the section and semester 
of a gateway course is sufficient to know if the section is BP or non-BP). 
 
For each pair, we first note the semester of the intervention in the BP course, and for its 
corresponding upper-division course, the earliest point of possible impact of these interventions.   
We then collect data from this earliest point, until the end of SP23.  This data is summarized in 
Table 3.  For example, with CS1 – the BP intervention took place in FA21.  After CS1, CS2 is 
next in the prerequisite chain, so impacts in that course could be felt as early as the next semester 



(SP22), and we begin data collection then.  Data Structures and Programming III are further down 
the prerequisite chain, so impact there would commence as early as two semesters later (SU22), 
and for Operating Systems three semesters later (FA22).  
 
Gateway Course 
(Intervention 
Time) 

Upper-Division 
Course 

Earliest 
Impact 

Data 
Collected 

BP 
Students 

Non-BP 
Students 

CS1 (FA21) CS2 SP22 SP22-SP23 559 913 
Data Structures SU22 SU22-SP23 329 442 
Programming III SU22 SU22-SP23 250 563 
Operating Systems FA22 FA22-SP23 68 232 

CS2 (SP22) Data Structures SU22 SU22-SP23 302 773 
Programming III SU22 SU22-SP23 238 911 
Operating Systems FA22 FA22-SP23 46 427 

Table 3. Summary of each gateway course and intervention semester, the earliest potential impact 
on each upper-division course, and the number of students enrolled in the upper-division course 
who took BP and non-BP sections of the gateway course. 
 
Table 4 shows the success rate in each upper-division course in our prerequisite chain in Figure 1, 
collected from the starting point of potential impact through the SP23 semester. 
 
Gateway 
Course 

Upper-Division 
Course 

Non-BP Pass 
Rate (%) 

BP Pass Rate (%) Improvement 

CS1 CS2 71 83 +12% 
Data Structures 80 91 +11% 
Programming III 66 77 +11% 
Operating Systems 88 96 +8% 

CS2 Data Structures 82 92 +10% 
Programming III 63 74 +11% 
Operating Systems 89 96 +7% 

Table 4. Gateway courses, and success rates in upper-division CS courses for students who took 
BP sections of the gateway course, compared to those who did not (non-BP). 
 
Improvements in upper-division pass rates range from 7 to 12% for students who took BP gateway 
course sections over those who took non-BP sections.  For both gateway courses, Operating 
Systems had the smallest improvements in pass rates at 8% and 7%, although worth noting the 
non-BP pass rate of Operating Systems was already high (at 88 % and 89%), resulting in less room 
for improvement. 
 
In addition to simply comparing success rates, we also want to determine if there is a statistically 
significant relationship between upper-division course success based on enrollment in a BP or 
non-BP section of the gateway courses.  For each student record, we assign a binary value for the 
gateway course (1=BP section, 0=non-BP section).  Then for the corresponding upper-division 
course, we assigned a binary value (1=PASS, 0=FAIL) and perform binary ANOVA analysis to 
check impact of enrollment in BP Sections on PASS, computing both F-values and p-values, taking 



a p-value of less than 0.05 as statistically significant.  We show these results in Table 5, with 
statistically significant results denoted with an asterisk (*). 
 
Gateway 
Course 

Upper-Division 
Course 

F-Value P-Value 
(*=Significant) 

CS1 CS2 26.753 0.0000002* 
Data Structures 19.711 0.00001* 
Programming III 4.264 0.039* 
Operating Systems 1.381 0.241 

CS2 Data Structures 16.023 0.00006* 
Programming III 9.846 0.002* 
Operating Systems 1.778 0.183 

Table 5. Gateway courses, and ANOVA results indicating the impact of enrollment in a BP section 
of that course and passing an upper-division CS course (*=statistically significant). 
 
The only non-significant impact (for both gateway courses) was in Operating Systems.  The most 
plausible reason for this is the large difference in sample size between BP and non-BP groups 
(students had not matriculated far enough in the pipeline), which will tend to increase uncertainty.   
 
To ensure student evaluations are a non-confounding factor and that we are adequately distributing 
instructors with respect to their student-evaluation data, we also perform ANOVA analysis to 
check for any dependence between BP section and our “Student Perceptions of Teaching Survey 
(SPOTS)” scores.2     We show these results in Table 6. The F- and P-values both indicate no 
significant connection and affirm that to be the case. 
 
Gateway Course F-Value P-Value 
CS1 0.182 0.692 
CS2 1.112 0.332 

Table 6.  ANOVA results that assess the impact of gateway course faculty teaching evaluations 
on assignment to a BP or non-BP section of that same gateway course. 
 
As we collected this data, we realized this also provided an interesting opportunity to assess the 
impact of gateway BP interventions on success in the upper division, compared to the impact of 
gateway-course faculty SPOTS score.  To this end, we took every record and assigned a value 
corresponding to the pre-BP SPOTS score of the gateway course instructor, and the same binary 
value (1=PASS, 0=FAIL) for the upper-division course.   We then perform general ANOVA 
analysis, once again computing F-scores and p-values and adopting the same definition of 
statistical significance (p < 0.05).  Table 7 shows these results. 
 
Gateway Course Upper-Division Course F-Value P-Value (*=Significant) 
CS1 CS2 0.179 0.672 

Data Structures 0.002 0.962 

 
2 We are using SPOTS scores to serve as a proxy for quality of teaching, which is likely flawed, as studies have 
shown that students have biases in how they evaluate student that are related to faculty race, gender and age 
[55]. 



Programming III 0.074 0.786 
Operating Systems 5.484 0.022* 

CS2 Data Structures 0.092 0.762 
Programming III 0.041 0.840 
Operating Systems 0.039 0.843 

Table 7. Gateway courses, and ANOVA results assessing the impact of instructor evaluations 
(based on teaching evaluations) of that same gateway course and passing the corresponding upper 
division course (*=statistically significant). 
 
We note that in almost all cases, gateway course teaching evaluations had no significant impact on 
success in upper-division CS courses, supporting a theory that these BP gateway course 
pedagogical interventions are more reliable for building a solid foundation and have a far more 
significant impact on longitudinal student success than the teaching evaluations of faculty assigned 
to gateway courses. 
 
Interestingly, the one anomaly again involves Operating Systems – where CS1 instructor 
evaluations were revealed to have a significant impact on student success in Operating Systems.  
Being furthest in the chain, the Operating Systems student population had the lowest percentage 
of BP students (17%, fewer than one in five).  We hypothesize that with the majority of the CS1 
instructor evaluations being from non-BP sections this increased the significance of these 
evaluations, “all else being equal”.  This same significance was not found between CS2 instructor 
evaluations and Operating Systems success, however. 
 
It should also be noted that during this time period (FA21-SP23), BP was only implemented in 
face-to-face sections of CS1 and CS2 (due to their higher conductivity with hands-on learning and 
UTAs), while non-BP sections included both in-person and online sections.  While BP in-person 
sections all implemented hands-on learning and UTAs, non-BP in-person sections may or may not 
have (nothing was enforced), and did not use UTAs.   In reviewing data over the past five years 
(2020-2025, thousands of students, including time outside the intervention period), students who 
took either online or in-person sections of CS2 experienced identical passing rates in successor 
courses.  Students who took online CS1 had only a slightly lower (3%) pass rate that those that 
took in-person sections of CS1.  This supports our conjecture that modality is at best a small 
confounding factor, if at all.   
 

2.3 Phase C: Impact of BP on Success Rates in CS Upper-Division Courses, and IT 
Gateway Courses  

As Phase B data collection terminated in SP23, beginning in FA23, we implemented the BP 
interventions in the three upper-division courses (Data Structures, Programming III, Operating 
Systems), in addition to gateway courses in our information technology (IT) program: CS1 (IT), 
and CS2 (IT), and in all remaining sections of CS1 and CS2.   We collected data in the same 
manner as Phase A above – accounting for all data starting from FA19-FA24, with course section 
and semester data provided by Accountability dashboards with restricted access.  As with Phase 
A, section and semester were enough to distinguish BP and non-BP sections of these courses. 
 



Table 8 shows these results.  Improvements range from 7-25% for the upper-division courses and 
6-19% for the IT gateway courses. 
  
Course Non-BP Success Rate (%) BP Success Rate (%) Improvement 
Data Structures 86 94 +8% 
Programming III 68 93 +25% 
Operating 
Systems 

90 97 +7% 

CS1 (IT) 73 79 +6% 
CS2 (IT) 72 91 +19% 

Table 8.  BP and non-BP success rates in upper-level CS courses, and IT CS1/CS2. 

3 Discussion 
 
Implications.  We have learned much from our experience implementing and maintaining these 
BP interventions.  We pursued a low student-to-UTA ratio because, as mentioned in the 
introduction, computing gateway courses have the most heterogeneous array of student needs to 
satisfy, thus increased support increases this capacity.  Use of UTAs will generally be far less 
expensive compared to graduate TAs (about one-third the cost) – but particularly for large class 
sizes (which gateway courses often are), a reliable pipeline of student assistants is ideal to avoid 
instructor overhead in recruiting multiple UTAs every semester which then must be screened and  
background checked for meeting departmental and institutional requirements.  We have recently 
begun incorporating UTA evaluations, so that every semester when we assign UTAs to gateway 
courses, we have a knowledge base containing which UTAs worked well for which gateway course 
sections and faculty members.  On our immediate horizon is construction of a Student Assistant 
Pipeline (SAP), with experienced UTAs for specific course sections and faculty training new hires 
every semester, further reducing the burden on faculty by saving them the challenge of recruiting 
their own UTAs. 
 
For those looking to implement BP interventions in their computing curricula, we recommend a 
similar “phase-in” process, where these practices are integrated slowly, one course at a time, with 
one set of faculty at a time.  This approach also afforded us the opportunity to study the intervention 
and its impact.  Reconciling concepts such as “synchronized content” and “common assessment” 
with “academic freedom” [56] can be challenging (we experienced this in some cases as well), 
particularly when the benefits for the students are not immediately clear - as will be the case by 
definition when the practices are first integrated and results are not yet available.  In our case, our 
interventions in FA21 began with just two CS1 faculty who were willing to attempt and buy into 
the intervention.  It may also be necessary to supply such faculty with additional compensation, as 
course refactoring and integration of practices like BP will require additional time and likely 
periodic meetings to coordinate content across sections.  It will also be necessary to implement 
procedures for integrating new faculty into pedagogically modified sections.  We accomplished 
this through clear delineation of faculty teams teaching each BP course every semester, eventually 
culminating in the formation of a Programming Gateway Committee (PGC). 
 
Limitations.  Incorporating BP into online course sections had its share of challenges.  Although 
the first two BP interventions (synchronized content and common assessment) remained 



unaffected, the latter two (hands-on learning, facilitated by UTAs) were far more challenging.  
Hands-on learning in online course sections is of course a well-known challenge [57].   During the 
BP intervention period, we upheld these interventions as much as possible through faculty and 
UTA office hours (both physical and virtual) and limited synchronous meeting times (our 
institution limits this to 20% for online asynchronous courses), but one inescapable reality became 
the optionality from the student’s perspective of taking advantage of these interventions, compared 
to in-person sections.  As more faculty become certified to teach in a hybrid (50% in-person, 50% 
remote) environment, we continue to migrate more of our online gateway courses to that modality.  
However, we continue to pursue solutions to optimize the impact of these interventions in online 
asynchronous gateway courses, because like many institutions, we have three online degrees, 
which must by definition accommodate students independent of location and time zone.   
 
Additionally, recommended best practices regarding teaching assistants will require some level of 
investment in TA training [58].  Particularly in the case of UTAs in large, active learning 
environments - an elaborate, multi-session training program is ideal [59], involving well-organized 
sessions where students are reviewing content, practicing asking questions, discussing processing 
skills, writing journal reflections, leading study sessions, etc.  In our case, we encapsulated the 
above into an online course customized to the needs of our curricula, but this still required both 
hosting fees, and a dedicated faculty member to manage hundreds of UTAs across all of the BP 
sections every year, with applicable compensation and course releases.  Such an investment will 
either need to be consistently sustained throughout implementation of BP, or a viable alternative 
will need to be discovered.   
 
Finally as mentioned earlier, metrics other than success rates based on grade should be considered 
for a more comprehensive analysis.  One in particular we would like to pursue is career readiness 
– i.e., the degree to which students are prepared for success in their post-graduate work (i.e. 
industry or academia).  Establishment of a solid infrastructure for alumni tracking, ideally 
including a database and web interface along with some networking incentives for participation 
would essentially enable us to continue tracking the impact of interventions such as BP beyond 
upper-level coursework and into the professional realm, completing the feedback loop. 
 
Conclusion.  Returning to our original objectives, our results support the opportunity for 
pedagogical interventions in computer science gateway courses to improve success rates in upper-
division courses, even more reliably than gateway course instructor evaluations (as measured by 
our student evaluation data).   Phases A and C showed across-the-board improvements in success 
rates the CS gateway and upper-division levels and IT courses as well, suggesting these BP 
practices as powerful interventions that not only improve success rates in a wide range of gateway 
and upper-division computing courses, but also create a positive feedback loop between 
intervention in the gateway and success in the upper-division courses (Phase B).  
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