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Abstract

The rise of Generative Artificial Intelligence (GenAlI) has funda-
mentally changed the pedagogy of introductory programming.
When students use GenAl to generate code for automated grad-
ing pipelines, learning often becomes transactional (i.e., solution-
oriented exchange) where the final product is prioritized over the
human effort required to learn. The context of this work is an
introductory programming course that one author taught, and
other authors contributed to the course design. Before changes
to our course, assignments were primarily auto-graded, and stu-
dents began treating them as hurdles to be cleared. Students dis-
engaged, learning communities eroded, and failure rates on exams
increased despite students having near-perfect homework scores.
In response, we redesigned our CS1 course to be Human-Centered
and Process-Oriented refocusing on the human journey of learning
and problem-solving. To restore social interactions in our course,
we integrated social learning through TA-facilitated study groups.
To restore authentic engagement with the course material, we re-
placed autograded programming assignments with collaborative,
manually graded homework assignments with significant hand-
written components. For code-writing tasks, students maintained
process journals to document their problem-solving journey, in-
cluding errors encountered and help sought. Preliminary results
suggest this approach rebuilt social interactions and restored au-
thentic student engagement. We observed a moderate-to-strong
positive correlation between homework scores and exam scores.
By replacing machine-led solution-oriented interactions with our
human-centered process-oriented approach, we provide a rigorous
and meaningful path for introductory programming in the age of
GenAL
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1 Introduction

The tension between performing well on assessments and genuinely
mastering course material is not new. It has been documented in
education research for decades, from the classic distinction between
surface and deep approaches to learning [15] to work on how chas-
ing grades can come at the expense of genuine understanding [6].
The release of Generative Artificial Intelligence (GenAl) in late 2022
sharpened this tension in a way that fundamentally changed how
we teach introductory computer science. For the faculty authors
of this report, the 2024-2025 academic year raised special chal-
lenges in our teaching careers. We observed a new and troubling
form of isolation in the classroom. While students had previously
shown high levels of engagement and curiosity, many were now
utilizing GenAl to complete programming assignments in a way
that reduced learning to a superficial exchange, i.e., prioritizing the
accumulation of points over the actual mastery of concepts.

By the fall of 2024, this shift reached a breaking point. At UC
San Diego, we saw a sudden change in how students approached
their work. Instead of seeing programming assignments as a way
to learn, many students treated them as chores to be finished as
quickly as possible using AI. This created a deceptive sense of
success. Students were getting near-perfect scores on take-home
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programming assignments, but struggled significantly during proc-
tored exams and skill demonstrations. The results were concerning.
In Fall 2024, when the same instructor last taught this course before
our redesign, the median assignment score was 94.2%, yet 41.7% of
students were on track to receive a D or F under the course’s stated
grading thresholds. Similar challenges have been reported in other
introductory CS courses [5]. Students were turning in code they
did not understand, created by tools they did not control.

Our own course structure was partly to blame. In classes with
200-600 students, we relied heavily on automated grading of pro-
gramming assignments to keep up with the workload. This created
a loop where no humans were involved: a student would ask an AI
for a solution and then submit it to an autograder for points. No one
looked at the student’s code or understood their struggle. This lack
of real connection made us feel like our assignments had lost their
purpose, leading to a deep sense of burnout and making us question
the value of take-home assignments. We further noted a significant
drop in student-tutor interactions around the same time. At UC
San Diego, attendance at optional tutor-led help sessions in intro
programming courses plummeted from 30-40 students per week
to 3—4 students per week by the fall of 2024. This could be because
many students in our intro programming courses may have turned
to GenAl for immediate assistance.

We began to find a way forward by looking at the work of our
peers and talking to the broader computing education community.
At the 2025 ICER conference, the first author met the second and
third authors of this report, finding that we all shared the same
observations and concerns about our classrooms. A turning point
came through an interaction with Maria Kallia (a co-author of this
paper), the author of a provocative paper on the need for authentic
human engagement in the age of GenAl [12]. Her work argues that
we must search for “authentic engagement” to prevent students
from becoming “silicon souls” who lack a deep connection to their
own learning. These discussions and papers helped us realize that
we could not solve this crisis by simply banning or policing the use
of GenAl tools. Instead, our team of the first three authors came
together to design an intro programming course that fundamentally
changed what we valued.

A machine can now write code in seconds, so the value of our
class can’t be the code anymore. It has to be the human thinking
behind it. We decided to shift focus from the final code to the person
doing the work. This report describes our new Human-Centered,
Process-Oriented approach. Our goal was to bring back social inter-
actions and real engagement. In the following sections, we explain
how we moved away from a solution-oriented transactional learn-
ing toward a model that celebrates the human side of learning to
program. This paper focuses on the design and implementation
of our course, including handwritten homework, process journals,
and study groups, while a deeper analysis of each of these compo-
nents is beyond the scope of this paper. Each of these components
has been used before. Our contribution is combining these known
interventions in a meaningful way in a single course. We did this
in response to the challenges and opportunities that GenAl has
brought to computing education. Instructors can also pick and
choose the interventions that may work for their course. Future
work will study the impact of individual components and how they
interact.
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2 Background and Design Goals

Kallia [12] argues that current integrations of GenAl in computing
cannot be understood through an instrumentalist lens alone. This
risks reducing education to outcome-centered and efficiency-driven
models of learning at the expense of fundamental human capacities
such as reflective reasoning, learning through struggle and failure,
sociality and shared intentionality, and eventually the development
of professional identity. We echo Kallia’s call to preserve human-
centered education. We focus on two aspects of human-centered
learning: social learning and process-oriented learning.

Social learning. Vygotsky’s Sociocultural Theory [25] suggests
that cognitive development is inherently social and occurs through
interaction within the Zone of Proximal Development (ZPD). We
have observed that GenAlI tools can “collapse” the ZPD by provid-
ing final solutions immediately, bypassing the cognitive struggle
necessary for learning. We sought to counter this by introducing
human-facilitated study groups where TAs and peers could pro-
vide the scaffolding for students to internalize core competencies,
moving the focus from the machine-generated product back to the
socially constructed process of learning [3].

The learning environment and community can positively in-
fluence how students learn. Meta-analytic studies (e.g., [11, 22])
suggest cooperative learning and peer connections can increase a
student’s social integration in the classroom or institution, lead-
ing to improvements in psychological health, academic achieve-
ment, and persistence. Similar effects have been reported in com-
puting [1, 4, 10, 20]. For example, Cutts et al. [4] reported that
“social learning” competencies that are implicit in introductory CS
courses, like explaining one’s thinking in discipline-appropriate
language, appeared to develop felicitously during interactions with
other students in “thinkathons” (out-of-class self-paced group re-
vision sessions). Alvarado et al. [1] implemented “micro-classes”
in which students worked in staff-led groups of 20-30, and their
students reported increased satisfaction and sense of community
in the class.

Process-oriented learning. Learning is a process of human
development. The learner is—ideally—changed through completing
tasks like programming assignments. However, when assignments
and grading focus only on product (the completed program), stu-
dents come to understand that product is the sole objective, and to
prioritize answers over the self-changing, often frictional, process
of working out a solution themselves.

In the era of GenAl, this risk is particularly acute for courses
that rely on autograded programming assignments; homework
can become a point collection exercise rather than a meaningful
learning activity.

The need to emphasize process is well known in computing edu-
cation, with numerous efforts to give feedback on intermediate arti-
facts like examples [26], test cases [7], development plans and pro-
cesses [8, 14, 27], or submission metrics [24]. After completing writ-
ten reflections on their developmental processes and interactive lec-
ture sessions, students in CS courses have demonstrated improved
metacognitive abilities and programming skills [13, 17, 21, 23].

Taking our cue from Kallia [12], we aimed to frame coursework
as an invitation to engage, not merely to comply. We sought to
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give students space to explore alternative approaches, make mis-
takes, and reflect on their learning trajectories. Building upon the
work discussed above, we asked students to document the process
through which they arrived at a final answer in real time. By clearly
signaling to students that we value process alongside product, and
mastery over performance, we hope to nudge students toward mas-
tery goal orientations [2, 18] and self-regulatory strategies.

These ideas gave us two design goals. First, we wanted to restore
social interactions in our course. Second, we wanted to restore
authentic engagement with the course material by valuing process
over product. The next section describes how we put these goals
into practice.

3 Course Description

We offered our course, Human-Centered Process-Oriented Intro to
Programming, over 10 weeks at a research-intensive public uni-
versity in the United States. We taught the in-person course in
conjunction with a remote course, sharing some resources such
as course staff and videos of in-person lectures. This experience
report covers only the in-person course, which had 268 students
and 18 staff members, including 1 instructor, 3 graduate teaching
assistants (TAs), and 14 undergraduate tutors. The instructor had
taught this course 4 times in the past.

We designed the course for students with no prior program-
ming experience, to build proficiency across five core competencies
inspired from Porter and Zingaro [19]: 1) Code Tracing, 2) Code
Comprehension, 3) Code Writing, 4) Debugging, and 5) Testing.

Our course had three major course components: 1) Collaborative
and Process-Oriented Homework Assignments, 2) Competency-
Based Process-Oriented Exams, and 3) Social Learning.

3.1 Process-Oriented Homework and Exams

3.1.1 Collaborative and Process-Oriented Homework Assignments.
To address the assignment-exam gap described in the introduc-
tion and move away from the transactional nature of automated
grading, we redesigned our homework assignments to prioritize
collaboration, human effort, process orientation and reflection over
machine-verified correctness. The course included six homework
assignments, distributed as printed or digital worksheets and sub-
mitted via Gradescope. Each assignment included 4-5 questions:
one code writing question completed in an IDE, and remaining
questions covering core competencies such as code comprehension,
debugging, and testing, handwritten in the blanks of the worksheet
on paper or a tablet. Figure 1 shows a sample homework problem.!
To enable authentic human collaboration, we encouraged students
to work with peers and/or course staff but we still required them to
submit their own handwritten work for the non-coding questions.

For code-writing tasks, we required students to keep individual
process journals to document their problem-solving journey, in-
cluding errors encountered and help sought from peers or staff. We
asked them to document seven steps in their journals: 1) Under-
standing the Problem (required), 2) Writing the First Version of the
Code (required), 3) Running and Testing (required), 4) Debugging
and Adjustments, 5) Further Testing and Refinement, 6) Resources
Consulted, 7) Final Version of the Code (required). We provided

!Sample Homework: https://cse8a-6r-fall2025.github.io/homework-3-solution.pdf
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2. [Code Tracing] What will be the output (printed) of running the following code? When showing
your work, show how all values assigned to variables, including the variable num, change.

A)

sum = @ Output:
for num in range(2, 8, 2):
num_tripled = num * 3 3&:
sum += num_tripled
print(sum)
Show your work
nom 2 4q 6
,\um_h}(\eé [ 12 | 13
sum o| G 13 36

Figure 1: A sample handwritten homework problem.

a sample journal at the start of the term to give students ideas
on how to record their process, including artifacts such as photos
from handwritten notebooks, IDE screenshots of code and output,
typed reflections on approach, and emotions felt (e.g., frustrated,
accomplished, happy) at different stages. Figure 2 shows the step
1 (i.e., understanding the problem) from our sample process jour-
nal.? Students coded, tested, and debugged in an IDE and composed
process journals from scratch based on the sample journal.

Step 1: Understanding the problem

| read the code writing task and | discussed it with my study group

partner (Hailey) and we came up with the following rough sketch
of what our function should do.

CSE Ghin ok
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Figure 2: Understanding the problem step in our sample pro-
cess journal with typed commentary and handwritten work.

3.1.2  Competency-Based Process-Oriented Exams. To ensure au-
thentic assessment, we conducted two high-stakes, in-person exams
(midterm and final) with questions parallel to homework questions
in structure and format, testing proficiency across all five core com-
petencies. Exam questions required students to show their work
(i.e., their process of arriving at their answer).?

3.2 Social Learning

We included social learning as a core pillar of the course, intending
to rebuild student learning communities that GenAl tools like Chat-
GPT had eroded [9]. Social learning included five weekly events
across four activity types: 1) Readings, 2) Active Learning Lectures
(twice a week), 3) Pair Programming Labs, and 4) Study Groups.
Our readings and associated quizzes were integrated into a free
online interactive textbook.* The readings were designed to pre-
pare students for the week’s collaborative learning activities during
ZProcess Journal: https://cse8a- 6r-fall2025.github.io/sample-process-journal.pdf

3Sample Exam: https://cse8a-6r-fall2025.github.io/midterm-exam.pdf
4Cogniterra interactive textbook: https://cogniterra.org/course/705/
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lectures, labs, and study groups. Every page in the reading had a
question to test students’ knowledge at the end of the page. Stu-
dents had an infinite number of attempts to answer these reading
questions before the deadline.

Each week, the two 80-minute lectures revolved around a lec-
ture handout® that students completed collaboratively during class.
Lectures included homework-style problems, which required stu-
dents to show their process. Students worked on each problem
individually, then discussed in pairs or small groups, and finally
had a class-wide discussion. Around 10 TAs and tutors were present
during every lecture (roughly one staff member per 27 students)
to help with student questions during individual and small-group
work time. We required students to submit their completed lecture
handout on Gradescope at the end of lecture.

Each week included a 50-minute lab where we assigned a pro-
gramming problem focusing on a core competency. We introduced
pair programming at the beginning of the course and required all
students to pair program in labs throughout the term.

3.2.1 Study Groups. We replaced traditional, TA-led discussion
sections with Study Groups that were designed to move students
from passive listening to active, peer-to-peer problem-solving in
small groups with staff support.

We divided the class into small, tightly-knit cohorts of 10-15
students, each led by a graduate TA or an undergraduate tutor. The
small group size was critical to provide individual attention and
ensure no student could remain invisible in the crowd, a common
issue in large-scale intro courses. We had 21 study groups that
met on various days and times of the week. All students selected
a study group at the start of the quarter and attended the same
one throughout the quarter. The TA or tutor facilitating each study
group asked students what they each wanted to do that week,
paired them up or formed small groups accordingly. Although study
groups were part of our social learning component, students were
allowed to work on their own if preferred.

Per the collaborative nature of the course, these groups served
as the primary space for working on homework. While students
ultimately submitted assignments individually to maintain personal
accountability, we highly encouraged collaboration and discussion.
TAs and tutors facilitated these discussions, helping students ver-
balize their logic and navigate stuck moments together.

By meeting weekly with the same peers and staff member, stu-
dents built a consistent support network. This structure directly
addressed the goal of increasing community engagement, trans-
forming the often-isolated task of learning to code into a shared
journey of discovery and struggle.

3.3 Specifications Grading

To align our assessment with the course philosophy of valuing the
human process, we replaced traditional percentage-based grading
system with Specifications Grading. The core philosophy of this
system is high standards with multiple tries [16].

Within each homework, individual problems were graded on a
binary scale: 1) Pass: The process (work shown or process journal)
is satisfactory and the end product is correct, 2) Not yet: The
process is incomplete/missing or the end product is incorrect. The

SLecture Handout: https://cse8a-6r-fall2025.github.io/sample-lecture-handout.pdf
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overall assignment was then given a point value (0 - 3) based on
the percentage of “Pass” marks (e.g., 3 points (exemplary) for all
problems, 2 points (satisfactory) for at least 80% of problems). To
emphasize that learning is a process, we implemented a one-week
resubmission window for all homework assignments (except the
last). This allowed students to act on manual feedback, correct their
mistakes, and earn back points, shifting the focus from “avoiding
mistakes” to “learning from them”

Exams assessed the five core competencies using a three-tiered
rubric for each question: Fully Correct (2 points), Mostly Correct (1
point), or Incorrect (0 points). Points were totaled and converted
into Exam Points (0 - 3) based on percentage thresholds. An Exam
Replacement Policy let a higher final exam score replace the midterm
score, so final grades reflected ultimate mastery rather than initial
struggles.

Students also earned up to three social points per week for par-
ticipating in five weekly events (one reading, two lectures, one lab,
one study group); because social learning’s value lies in real-time
interaction, these points could not be made up asynchronously.

We calculated final letter grade with a two-step “Base + Modi-
fier” system. Minimum thresholds for homework and exam points
determined a base grade: A, B, or C. As stated in the syllabus, an
“A” required 15/18 homework points AND 6/6 exam points, a “B”
required 12/18 homework points AND 4/6 exam points, and a “C”
required 9/18 homework points AND 2/6 exam points. At the end of
the quarter, the instructor reduced each homework point threshold
by one point when computing final letter grades to account for the
overall difficulty of the course, while the exam point thresholds
remained unchanged. Social Learning points then adjusted the base
grade: exemplary engagement earned a plus modifier, satisfactory
engagement kept the base grade, and needs-improvement engage-
ment earned a minus modifier — or, if social points fell below a
minimum, a full letter-grade reduction.

4 Course Evaluation
4.1 Correlation between Homework and Exams

Student Performance on Homework Assignments versus Exams (N = 268)

Final Grade 1 5 7 6 11 19 20 23 6
A (n=79, 29.5%)

B (n=77, 28.7%)
C (n=56, 20.9%)
F (n=56, 20.9%)

o

«

S

Exam Points (out of 6)

-

o

4
5
4

2

Hgmework Poignts (out of :118)
""""" Regression line, Pearson r = 0.623, p < 0.001
Figure 3: Homework-Exam Alignment and Base Grades. The
number in each cell is the count of students at that home-
work/exam point combination. Each cell is shaded by base
grade under the course’s adjusted joint homework and exam
thresholds (see Section 3.3). The dashed line shows the least-
squares regression line (Pearson r = 0.623, p < 0.001).

With GenAl tools, students can generate correct code for auto-
graded assignments with minimal effort or understanding, leading
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to an anti-pattern of earning near-perfect homework scores yet fail-
ing exams. This disconnect motivated our shift to process-oriented,
manually graded homework. By requiring students to demonstrate
their thinking rather than simply produce correct output, we aimed
to better align homework with exams.

The same instructor taught this course in Fall 2024 pre-redesign
(n = 480 in-person students), grading two components: assignments
and assessments. Final grade was min(assignment%, assessment%),
a formula similar to the joint threshold of our redesigned course,
where students must meet minimum thresholds in both home-
work and exams for a given base grade. Assessments in this previ-
ous course had a replacement policy analogous to our redesigned
course’s exam replacement policy.

Data from the previous offering illustrates the anti-pattern. Stu-
dents readily accumulated assignment points for autograded work,
with a median assignment score of 94.2%, and 67.5% of students
scoring 90% or above. Yet the median assessment score was only
78.3%. Under initial grading thresholds mentioned in the syllabus
(i.e., at least 70% needed on both assessments and assignments for a
C grade), 41.7% of students would have received a D or F, including,
strikingly, 31% of students who passed the assignment component
but earned insufficient assessment scores. The instructor lowered
thresholds to compute final grades, and ultimately 24.8% of students
received a D or F. Our redesign aimed to address this anti-pattern of
inflated assignment scores masking poor assessment performance.

To assess homework-exam alignment in our redesigned course,
we analyzed the relationship between homework points (out of 18)
and exam points (out of 6) for all students. The median homework
score was 14/18 points and the median exam score was 4/6 points.®
Figure 3 presents a heatmap of these two measures.

We observed a moderate-to-strong positive correlation between
homework and exam performance (Pearson r = 0.623, p < 0.001,
n = 268).” The heatmap shows that 29.5% of students (n = 79) earned
a base grade of A, 28.7% (n = 77) earned a B, 20.9% (n = 56) earned
a C, and 20.9% (n = 56) earned an F. Under the initial syllabus
thresholds, before relaxing homework thresholds by one point,
21.6% of students (n = 58) would have received an F. This compares
favorably to the previous course, where 41.7% of students would
have received a D? or F under initial thresholds. Among students
who met the adjusted homework threshold (at least 8 of 18 points,
n = 247), 14% (n = 35) nonetheless received an F due to insufficient
exam performance (0-1 of 6 points), underscoring that homework
success alone did not guarantee a passing grade. The regression line
and spread of scores around it reveal that while the two measures
are positively associated, the relationship is not deterministic: some
students with high homework points earned low exam scores, while
a few with limited homework points performed well on exams.

We interpret this positive correlation as encouraging evidence
for our human-centered, process-oriented course design. Our home-
work required students to document their thinking through hand-
written work and process journals, practicing the same articulation

5Qur course uses specifications grading, so scores are categorical judgments rather
than percentages; we do not convert these medians to percentages, as that would
imply a granularity the scores lack.

"The p-value is the probability of a correlation this large occurring by chance if no
true relationship existed.

8Specifications grading emphasizes high standards with multiple tries, so we did not
define a D grade in our redesigned course.
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of computational reasoning that exams assessed. We believe this
sustained, process-focused engagement, rather than simply submit-
ting correct code, built the underlying competency that translated
to exam performance. The moderate correlation (r = 0.623) reflects
that exam success depends on more than homework alone; factors
such as performance under timed conditions, use of office hours,
and study group participation likely also play a role. Nonetheless,
the strong statistical significance and direction of the correlation
suggest that regular engagement with process-oriented homework
meaningfully predicts exam success in our course.

4.2 Student Sentiments

2.9%

O}l | 15.0%
3.9%
oyl | 22.8% 35.9% 36.4%
8.7% 5%
|
Q3 7 MEEEAEEERD 30.6% 21.4%

r T T T ]
0% 25% 50% 75% 100%
[ZA Did Not Participate mm Slightly Useful mm Very Useful
Not Useful At All mm Moderately Useful mmm Extremely Useful

2.3%

4.§°
Q4 i 21.2% 47.1% 21.6%

4.8%

Qs I 33.2% 38.5% 13.9%

2.9%
Q6 | 16.5% 35.3% 34.7%
0% 25% 50% 75% 100%
Strongly Disagree mmm Neither Agree Nor Disagree mmm Strongly Agree
mm Disagree mm Agree

Figure 4: Student Responses to Likert Survey Questions

We surveyed students throughout the term, asking them to re-
flect on their experiences in the course. We asked seven questions:

e Q1, Q2, Q3. For each of the following course components,
how useful was it for your learning in this course during the
past 3 weeks? (Lectures (Q1), Homework (Q2), Study Groups
(Q3)) Week 4, Likert, 206 respondents.

e Q4. Writing out my programming homework and “show
your work” steps by hand helped me understand the under-
lying logic and structure of the code better than typing it
directly on a computer. Week 6, Likert, 208 respondents.

¢ Q5. Documenting my progress in the process journal helped
me approach programming problems more systematically.
Week 6, Likert, 208 respondents.

e Q6. I would recommend this course in its current form
(human-centered, process-oriented) to future students. End
of term, Likert, 170 respondents.

e Q7. Please provide concrete, specific justification for the
previous question (Q6). End of term, Free response, 170
respondents.

As shown in Figure 4, students generally felt positively about
both individual course components and the course overall. Most
students indicated agreement that our course components enhanced
their learning with a few students expressing negative sentiments.
Although it would have been interesting to compare similar student
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sentiments from a previous version of the course before the design,
we were not able to make this comparison as the previous version
of this course did not have written homework, process journals,
and study groups.

The fourth author coded the responses to Q7. We present the
most commonly appearing codes for both positive and negative
sentiments along with sample quotes from the students.

The most common positive responses appreciated the course
without directly mentioning the human-centric, process-oriented
design of the course. 38 students spoke positively about the course
while offering limited reasoning, e.g., ‘T had a lot of fun in this course
and it helped me learn really well.” 30 students thought that the
course was well suited for beginners, e.g., “T would recommend this
course to future students since it’s a good starter course for learning
how to code.” 21 students thought the course provided a supportive
environment. A student responded, “Basically this course is just
my favorite course during this first quarter...I feel strongly accepted
and welcome to this course, thanks to the professor and all the tutors
and TAs. The course materials are very connected and organized for
beginners to learn python, boosting my confidence of moving forwards
into computer science :).”

Some students explicitly described benefits of human-centered,
process-oriented course design. 19 students indicated that the spe-
cific design of the course assisted their understanding. One student
wrote, “The human-centered approach held me accountable for actu-
ally learning and understanding what I needed to know, preventing me
from crashing and burning during the midterm and previous home-
work assignments.” 12 students talked about how they enjoyed the
different components of the course, such as ‘I like how the process
Jjournals invite students to work together to make good work, it almost
forces human-like collaborative work. The study groups also forces us
to use our own brains, but in an entertaining and stimulating way.”

The most common criticism we received was from 13 students
who disliked the grading system. One student wrote that “T would
disagree because the grading system is very very stressful and causes
me a lot of anxiety,” with several others commenting that it was
too strict. Several students also wrote that the grading system was
their only critique of the class. 9 students also mentioned that the
course may not be well-suited to beginners due to the pace of the
course and the difficulty of the assignments.

While some of our students may not have fully bought into
our human-centered, process-oriented approach, the majority of
students still felt positively about the course. A significant number
of students expressed appreciation for these aspects, and we believe
that this approach was able to accommodate our learners better.
We end this section with a notable quote from a student: “To be
honest I took [and failed] this class last year and found that this
year I truly began to understand the subject. Having the course be so
human centered gave me some many chances to reach out for help. In
comparison last year I felt I relied on the Al tutor extension the school
gave and without realizing it I was depending on it for understanding.
If someone were to ask if they should take [CS1] in this current form
or another I would say this form.”

For our quantitative analysis, a GenAl tool (Claude Code) was
used to generate the Python code that computed the Pearson corre-
lation and produced Figures 3 and 4. The first author independently
computed the Pearson correlation and confirmed it matched the
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value produced by the generated code, reviewed the generated code,
and independently verified all data values depicted in both figures
against the underlying dataset.

5 Reflections and Lessons Learned

We shared the redesign rationale, grounded in Kallia [12] and Hou
et al. [9], with our course staff. A tight-knit team of TAs and tutors
who believed in this mission was essential, turning new policies
into a successful community effort.

We also explained in the first lecture that handwritten work
and study groups were tools for deep understanding, not arbitrary
hurdles.

Grading was a huge part of the course staff’s time. Specifications
grading helped keep the grading load manageable. Individual home-
work problems were graded using Pass or Not yet. Process journals
were graded by giving feedback only at the first point where the
student’s work diverged from a correct approach.

Our approach is not against autograding. For the larger code-
writing problems in Homework 5 and 6, tutors ran the submitted
files through an autograder to check correctness and graded the
journals by hand for process. Students did not see the autograder
results.

The study groups were a resounding success. They replaced
GenAl-driven isolation with a vibrant sense of community. Leading
a small group was daunting for tutors who are primarily trained for
1-1 help sessions, though experienced staff managed it effectively.

Although the instructor had taught this course four times before,
the process journals gave an unprecedented “window” into students’
minds. Reviewing a few journals after each assignment revealed
struggles that were invisible in the past, and let lectures adapt in
real time. Process journals worked well in this course. They may
not work as well in advanced courses, where tasks are far more
complicated than writing a single function. In a course on working
with large codebases, we had to modify the journal to make it more
focused.

6 Conclusion

Our redesign was a direct response to two existential threats facing
the modern classroom: eroding student communities and vanishing
authentic engagement. By restructuring our course around TA-
led study groups and process-oriented homework and exams, we
pushed back against the trend of Al interfaces displacing human
peers as students’ go-to source of help [9]. We also valued the strug-
gle of working through a problem over just producing code, so
students stay connected to their own learning rather than becom-
ing “silicon souls” [12]. Critically, the positive correlation between
homework and exam scores suggests our redesign helped reduce
the rate of near-perfect homework scores co-occurring with exam
failure. Ultimately, by valuing human process over final product
and community over convenience, we offer a rigorous, meaningful
path for computing education in the age of GenAl.
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