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Defining Terms Important to This VWork

The Future Software Engineering Workforce

| |
Who are
Learner = 4

Programmers
for this work?

Traditional Learner Programmer

Non-Traditional Learner Programmer
(Formally Enrolled Students) (Not Formally Enrolled)



Defining Terms Important to This VWork

Important Components to Study How People Learn
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What is ] & —
“Cognition’’ - - S =
in this work? Medical Imaging Surveys

(Objective) (Self-Reporting)



What Broad Problem Does This Work Address!?

Software Engineering (SE)
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What Specific Problem Does This Work Address!?

Supporting People Learning Software Engineering (SE)

Introductory Programming: A Systematic Literature Review
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As a result, understanding how students learn programming is a central concern in
computer science education and workforce development.



What Specific Problem Does This Work Address?

Supporting People Learning Software Engineering (SE)
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To support learner programmers, we desire to
understand how they learn SE.

But how do we know if we have a good
understanding!?

As a result, understanding how students learn programming is a central concern in
computer science education and workforce development.




Desired Properties of a Solution

(1) Captures Cognitive Processes
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Desired Properties of a Solution
(II) Accounts for Yoluntary Learning Strategies
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Desired Properties of a Solution

(Ill) Enables Measurable and Testable Analysis

-

in addition to 0:
o




Desired Properties of a Solution
(IV) Applies to Diverse Populations




We Leverage Three Insights

We can design controlled experiments and apply consistent statistical
methodologies to enable reliable and interpretable findings.
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We Leverage Three Insights

We can design controlled experiments and apply consistent statistical
methodologies to enable reliable and interpretable findings.

We can leverage multiple forms of data to capture complementary aspects
of learner programming.

iih We can implement recruitment strategies that support diversity and

ooooooo

ittt generalizability.



Insights Elaborated

We can design controlled experiments and apply mixed models and correct for
multiple comparisons to enable reliable and interpretable findings.
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Insights Elaborated
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We can design controlled experiments and apply mixed models and correct for
multiple comparisons to enable reliable and interpretable findings.

We can leverage medical imagining and behavioral data to capture
complementary aspects of learner programming

We can study local, remote, and archival datasets that support diversity and
generalizability.



Thesis Statement

It is possible to use multi-modal measures to develop statistically-
significant mathematical models of learner programming that

capture cognitive, interactive, and behavioral processes and explain
variation in performance, satisfaction, and decision making.




Thesis Statement

It is possible to use multi-modal measures to develop statistically-
significant mathematical models of learner programming that

capture cognitive, interactive, and behavioral processes and explain
variation in performance, satisfaction, and decision making.

If we can construct an accurate model for the cognitive, interactive,

and behavioral processes associated with learning computer science,
educators (and companies) may be able to use that understanding to
investigate how to better teach (and train) SE to students.




PROPOSAL OVERVIEW ~ THREE RESEARCH DIMENSIONS

Modeling the cognitive Understanding natural Investigating
processes underlying language support in behavioral influences
learner programming learner programming on programming and

and satisfaction decision-making




COGNITIVE MODELS OF
DEBUGGING AND
CODE COMPREHENSION

| How do cognitive processes support foundational
| programming tasks in learners?



s Problem: We Do Not Fully Understand How Learners
Think While Debugging or Comprehending Code

= COMMUNICATIONS Explore Topics v Latestlssue v Q Signin  Join ACM->
Code Writing Bug Detection At i
Kreuger et al. Castelhano et al. Program
(2020) (2019) Comprehension as a
Central Skill in CS
DEBUGGING Education in the Era of

" Generative Al

Strong program comprehension opens up new
pathways for teaching foundational concepts of
programming.

By Yael Erez and Orit Hazzan

Posted Dec 4 2025

Code Comprehension ‘/ ‘ X
Siegmund et al. (2014, 2017) @ N\ . *%t“V
5+ Correlation Studies But No Causal
(Brain Imaging) Relationship Established 21




Two Proposals for Studying Learner Cognition

(a) Cognition of Debugging (b) Cognition of Code Comprehension
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(a) Cognition of Debugging

State-Of-Art:
* Only Studied Task In Isolation

Code Writing Bug Detection

Kreuger et al. (2020) Castelhano et al. (2019)

Code Comprehension
Siegmund et al. (2014, 2017)

Property of a good solution:
e Should Study Task as a Dynamic
Multi-Task Process

> Two Proposals for Studying Learner Cognition

(b) Cognition of Code Comprehension




Two Proposals for Studying Learner Cognition

(a) Cognition of Debugging (b) Cognition of Code Comprehension

State-Of-Art:

* Only Studied Task In Isolation

4 Proposed Approach: )
Using functional near-infrared

spectroscopy to Study Dynamic Debugging

\_ Preliminary Results in TSE 2024 -
Property of a good solution:

e Should Study Task as a Dynamic
Multi-Task Process

24



53 Two Proposals for Studying Learner Cognition

()
(a) Cognition of Debugging (b) Cognition of Code Comprehension
State-Of-Art: State-Of-Art:
* Only Studied Task In Isolation * Only Correlational Studies Exist

4 | Propc?sed Approacl.r ) \,/ Co
Using functional near-infrared

spectroscopy to Study Dynamic Debugging
5+ Correlation Studies But No Causal
(Brain Imaging) Relationship Established

\_ Preliminary Results in TSE 2024 -
Property of a good solution: Property of a good solution:
e Should Study Task as a Dynamic * Should Test Causality of

Multi-Task Process Correlational Findings of Task
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(a) Cognition of Debugging

State-Of-Art:
* Only Studied Task In Isolation

4 Proposed Approach:

Using functional near-infrared
spectroscopy to Study Dynamic Debugging

&

Preliminary Results in TSE 2024

~

> Two Proposals for Studying Learner Cognition

(b) Cognition of Code Comprehension

State-Of-Art:
* Only Correlational Studies Exist

J

Property of a good solution:
e Should Study Task as a Dynamic
Multi-Task Process

4 Proposed Approach: )
Using transcranial magnetic
stimulation to Study Code
Comprehension
\_ Preliminary Results in ICSE 2024 J

Property of a good solution:
* Should Test Causality of
Correlational Findings of Task

26



Two Proposals for Studying Learner Cognition

(a) Cognition of Debugging

State-Of-Art:

* Only Studied Task In Isolation
4 Proposed Approach: N )
Using functional near-infrared
spectroscopy to Study Dynamic Debugging

\_ Preliminary Results in TSE 2024 - \_ J
Property of a good solution:

e Should Study Task as a Dynamic
Multi-Task Process

27
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How do we measure brain activity in debugging?

Challenges For Measuring Cognition in Debugging

How do we identify debugging stage boundaries?
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g * Methodology For Measuring Cognition in Debugging

How do we measure brain activity in debugging?

We use Functional Near Infrared Spectroscopy (fNIRS) to capture distinct brain
activation patterns of programmers while conducting real-world debugging.

Image of our fNIRS Cap
(Courtesy |. Kovelman Group)

29
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How do we measure brain activity in debugging?

We use Functional Near Infrared Spectroscopy (fNIRS) to capture distinct brain

activation patterns of programmers while conducting real-world debugging.
S

fNIRS uses light to measure the oxygen levels
in different parts of the brain @

Image of our fNIRS Cap
(Courtesy |. Kovelman Group)




45

g * Methodology For Measuring Cognition in Debugging

How do we measure brain activity in debugging?

We use Functional Near Infrared Spectroscopy (fNIRS) to capture distinct brain

activation patterns of programmers while conducting real-world debugging.
S

fNIRS uses light to measure the oxygen levels
in different parts of the brain @

v" fNIRS allows for subject to realistically
program (e.g., on a laptop, with an IDE) <t mri

Image of our fNIRS Cap
(Courtesy |. Kovelman Group)
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g * Methodology For Measuring Cognition in Debugging

How do we identify debugging stage boundaries?
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= Methodology For Measuring Cognition in Debugging

How do we identify debugging stage boundaries?

@ 1_complex.py > @J test_case3

lef twoSum(nums: list[int], target: int) -

unhappy = {}
for 1 in range(len(nums)):

for 1 in range(len(nums)):
complement = target - nums[i]
if complement in unhappy and unhappy[complement] != iI
return [i, unhappy[complement]]

We use a modified VSCode (industry
standard environment).

|) Participants can only access one
source/file of information at a time.

2) Keystrokes, tab-switching, compilation
event and time spent at each file and
problem are tracked.




Methodology For Measuring Cognition in Debugging

How do we identify debugging stage boundaries?

We use a modified VSCode (industry
standard environment).

X > %@ 1_complex.py > @J test_case3

ef twoSum(nums: list[int], target: int) -
unhappy = {}

TBE i ren g et} |) Participants can only access one
Sl b s source/file of information at a time.

complement = target
if complement in unhappy and unhappy[complement] != iI

return [1, unhappy[conplenent]] 2) Keystrokes, tab-switching, compilation
event and time spent at each file and
problem are tracked.

v We can infer debugging stage boundaries and contrast
their contents cognitively
(such as code writing, specification reading, output analysis)
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Neuroimaging Stimuli & Task

v" We can identify the boundaries of debugging stages.

Each stimuli ends up containing:
* 1_complexpy 1 X

* Problem Description
(text file)

@ 1_complex.py > @ test_case3

lef twoSum(nums: list[int], target: int) -> list[int]:

* Code for Leetcode-Style Problem 5 unhappy = {}
(< | 5 |ines) for i_yl‘ range(len(nums)):
* One Seeded Defect ' for i in range(len(nums)):
. . .. ‘ complement = target - nums[i]
(I.e., |Ine Of mISSIng Code) if complement in unhappy and unhappy[complement] != iI.

return [i, unhappy[complement]]

e |-3Test Cases
* Error Message -

(text file) e
e Compiling: SE equivalent of “rest” e e
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* Problem Description
(text file)
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"D L N
Neuroimaging Stimuli & Task

v" We can identify the boundaries of debugging stages.

Each stimuli ends up containing:
@ 1_complexpy 1 X

* Problem Description
(text file)

1_complex > # 1 _complex.py » Q@ test_case3

_ def twoSum(nums: list[int], target: int) -> list[int]:
* Code for Leetcode-Style Problem . unhappy = {}
. | for i 1in range(len(nums)):
(<15 lines) R
° One Seeded Defect - for i in range(len(nums)):
] . o 7 complement = target - nums[i]
(|,e., ||ne of m|SS|ng code) : if complement in unhappy and unhappy[complement] != iI.

return [i, unhappy[complement]]

e |-3Test Cases

* Error Message N
(text file) e

e Compiling: SE equivalent of “rest” el G




"D L N
Neuroimaging Stimuli & Task

v" We can identify the boundaries of debugging stages.

Each stimuli ends up containing:

* Problem Description
(text file)

@ 1_complex.py » O test_case3

. def twoSum(nums: list[int], target: int) -> list[int]:
* Code for Leetcode-Style Problem . unhappy = {}
<|5 |ines) ! for 1 in range(len(nums)):
( ) =
° One Seeded Defect—— | Tor 1 1n range(ten{numsj):
/ complement = target - nums[i]
(i,e,, |ine of missing Code) if complement in unhappy and unhappy[complement] != iI.

return [i, unhappy[complement]]

e |-3Test Cases
* Error Message N

(text file) e
e Compiling: SE equivalent of “rest” e e




"D L N
Neuroimaging Stimuli & Task

v" We can identify the boundaries of debugging stages.

Each stimuli ends up containing:

® 1_complex.py 1 X

* PrObIem Description 1 _ complex > # 1 _complex.py » & test case3

(text file) . .

. def twoSum(nums: list[int], target: int) -> list[int]:

* Code for Leetcode-Style Problem . unhappy = {}

(<|5 Iines) | for 1 1n range(len(pums)):
° One Seeded Defectf | 107 1 1n range{Llen{nums)):

] . o 7 complement = target - nums[i]

(|,e,, ||ne of m|SS|ng code) : if complement in unhappy and unhappy[complement] != iI.

return [i, unhappy[complement]]

e |-3Test Cases
* Error Message .

(text file) aEs
« Compiling: SE equivalent of “rest” ||

assert(twoSum(nums, 6) == [0,1])
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"D L N
Neuroimaging Stimuli & Task

v" We can identify the boundaries of debugging stages.

Each stimuli ends up containing:

* Problem Description
(text file)

@ 1_complex.py » O test_case3

. def twoSum(nums: list[int], target: int) -> list[int]:
* Code for Leetcode-Style Problem . unhappy = {}
<|5 |ines) ! for 1 in range(len(nums)):
( ) =
° One Seeded Defect—— | Tor 1 1n range(ten{numsj):
/ complement = target - nums[i]
(i,e,, |ine of missing Code) if complement in unhappy and unhappy[complement] != iI.

return [i, unhappy[complement]]

* |-3Test Cases
* Error Message X -

(text file) = e
» Compiling: SE equivalent of “rest” |8

assert(twoSum(nums, 6) == [0,1])
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"D L N
Neuroimaging Stimuli & Task

v" We can identify the boundaries of debugging stages.

Each stimuli ends up containing:

* Problem Description
(text file)

@ 1_complex.py » O test_case3

. def twoSum(nums: list[int], target: int) -> list[int]:
* Code for Leetcode-Style Problem . unhappy = {}
<|5 |ines) ! for 1 in range(len(nums)):
( ) =
° One Seeded Defect—— | Tor 1 1n range(ten{numsj):
/ complement = target - nums[i]
(i,e,, |ine of missing Code) if complement in unhappy and unhappy[complement] != iI.

return [i, unhappy[complement]]

* |-3Test Cases
* Error Message X -

(text file) = e
 Compiling: SE equivalent of “rest ||l

assert(twoSum(nums, 6) == [0,1])
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Proposed Scan Data Collection and Analysis

Proposed Data Collection

v" Each fNIRS scan session lasts ~50 minutes
v Participants debug |3 faulty Python programs (~10 min per problem)

v" All while wearing fNIRS Cap

Data Analysis (Preliminary Analysis Reflects 28 Participants: 7 women, 21 men)

v' Compare activation of each debugging activity with each other and rest
(Following best practices from psychology)

v" Apply significance threshold of p < 0.05
v" Apply FDR to correct for multiple comparisons by g < 0.05

42
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Learning a Correlative Cognitive Model of Debugging

Primary Research Question:

RQI: What areas of the brain activate when students participate in different
debugging activities!?

Two Parts:

(I) Verify an inferred debugging stages behaviorally
(2) Verify the cognitive patterns across debugging stages




Preliminary Results:
Can We Infer A Behavioral Model of Debugging? ﬁ




Preliminary Results:
Can We Infer A Behavioral Model of Debugging?

A2

Answer: Yes!

Failed Test

G =

([Tﬂcmm LanLm[mem]D Pa;saest; :estfl>

8.81%|

A '| 28T%

{228% I|

Nodes are stages and edge labels are observed transition frequencies




sdB)N Preliminary Results:
Can We Infer A Behavioral Model of Debugging? ﬁ
v

Answer: Yes!

Failed Test

{> Cases I]
[[Tmmum LFauIl Locaizaﬁnn [ouput Gﬂ'mm]l: Pa;::ie ;ESI ﬁ>

A
8.81%|

12.87%

228%|

Nodes are stages and edge labels are observed transition frequencies

Participants followed this stage-by-stage flow of the debugging model in over 97% of cases.

Participants spend statistically significantly different amounts of time in each stage (p < 0.001)

46




Preliminary Results:
Can we find patterns of activation across debugging?

v




! Preliminary Results:
g Can we find patterns of activation across debugging? \/

Answer: Yes!

Debugging stages are correlated to different patterns of neural activity (p<0.05)
(i.e., each stage the model presents patterns of neural activity that vary from each other)

a) Task Comprehension > Rest b) Fault Localization > Rest

Red regions indicate statistically significantly
different neural activity for that debugging state

contrasted to “Rest” (i.e., taking no actions while

waiting for compilation)

c.).COde Editing > Rest d) Output Comprehension > Rest




Preliminary Results:

Answer: Yes!

Can we find patterns of activation across debugging?

Debugging stages are correlated to different patterns of neural activity (p<0.05)
(i.e., each stage the model presents patterns of neural activity that vary from each other)

Debugging Stage Key Brain Region Cognitive Function

v/

a) Task Comprehension > Rest

Task Comprehension  Temporal cortex Language o
(Wernicke’s, Broca’s, comprehension, L
BA 21, 52) auditory processing "“%“

¢) Code Editing > Rest

b) Fault Localization > Rest

d) Output Comprehension > Rest
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Preliminary Results:

Answer: Yes!

Can we find patterns of activation across debugging?

Debugging stages are correlated to different patterns of neural activity (p<0.05)
(i.e., each stage the model presents patterns of neural activity that vary from each other)

Debugging Stage Key Brain Region

Task Comprehension

Temporal cortex

(Wernicke’s, Broca’s,
BA 21, 52)

Language
comprehension,
auditory processing

Code Editing Angular gyrus (BA 39) Spatial attention,

problem-solving

Cognitive Function

v/

a) Task Comprehension > Rest

AE90aag . .

“ v « L 1B
S, [ A : [
37ad S 6\ iy, R

A, I .\\'\' I
AAX ) g 8
. £ AL A
3 v
L - R

o cuj-Code Editing > Rest

b) Fault Localization > Rest

d) Output Comprehension > Rest

50



Preliminary Results:

Answer: Yes!

Can we find patterns of activation across debugging?

Debugging stages are correlated to different patterns of neural activity (p<0.05)
(i.e., each stage the model presents patterns of neural activity that vary from each other)

Debugging Stage Key Brain Region

Task Comprehension  Temporal cortex
(Wernicke’s, Broca’s,

BA 21, 52)
Code Editing Angular gyrus (BA 39)
Output Right DLPFC (BA 46)

Comprehension

Cognitive Function

Language
comprehension,
auditory processing

Spatial attention,
problem-solving

Working memory

v/

a) Task Comprehension > Rest

42@0aag .
o3, || &S
" g 5 {

¢) Code Editing > Rest

b) Fault Localization > Rest

') ',/‘ l .\‘\' I
] .' . W
| ¥ |

d) Output Comprehension > Rest
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Preliminary Results:
Can we find patterns of activation across debugging?

v/

Answer: Yes!

Debugging stages are correlated to different patterns of neural activity (p<0.05)
(i.e., each stage the model presents patterns of neural activity that vary from each other)

Debugging Stage | Key Brain Region Cognitive Function

a) Task Comprehension > Rest b) Fault Localization > Rest

Task Comprehension ~ Temporal cortex Language o |

(Wernicke’s, Broca’s, = comprehension, e/

BA 21, 52) auditory processing

E

Fault Localization No significant "

activation
Code Editing Angular gyrus (BA 39) Spatial attention,

problem-solving R '
c¢) Code Editing > Rest d) Output Comprehension > Rest

Output Right DLPFC (BA 46) Working memory
Comprehension 5




Preliminary Results:
Can we find patterns of activation across debugging?

v/

Answer: Yes!

Debugging stages are correlated to different patterns of neural activity (p<0.05)
(i.e., each stage the model presents patterns of neural activity that vary from each other)

. ‘ (] ] e 0 ]
Debugging Stage Key Brain Region Cognitive Function > Implications: These findings support

the idea that the debugging process

Task Comprehension ~ Temporal cortex Language
(Wernicke's, Broca’s,  comprehension, involves behaviorally and cognitively
BA 21, 52) auditory processing
distinct stages, forming a robust
Fault Localization No significant m
activation foundation for the proposed end-to-end
Code Editing Angular gyrus (BA 39) Spatial cognition, debugging model.

problem-solving

_ _ » May inform transfer training type
Output Right DLPFC (BA 46) Working memory

Comprehension | interventions. 53




PROPOSAL OVERVIEW ~ THREE RESEARCH DIMENSIONS

Understanding natural
language support in
learner programming
and satisfaction

Investigating
behavioral influences
on programming and
decision-making
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NATURAL LANGUAGE

> INTERACTION FOR
@ LEARNING ASSISTANCE
EVey
. .
RO: ‘ How do learners interact with natural language support

| during programming, and how do these interactions
influence outcomes and satisfaction?



©F1" Problem: Learners are working with their peers and Al but

S we don’t fully understand how they influence outcomes
Study ShOWS More Colleges Are EdW Rising Use of Al in Schools Comes With Big Downsides for Students
Embracing Peer Support — Just Not in .

i G Rising Use of Al in Schools Comes
y With Big Downsides for Students
By Nancy Zucker, PhD & Susan Gallagher July 17, 2025 By Jennifer Vilcarino & Lauraine Langreo — October 08,2025 (V) 6 min reac

;" m
Al Is Routine for College Students,

le Duke Psychiatry & Behavioral Sciences

Duke University School of Medicine

Despite Campus Limits

Al use higher among men, and students in business, tech and

= GALLUP

News

engineering
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£ Two Proposals for Studying Learner Interaction
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€)% Iwo Proposals for Studying Learner Interaction

(a) Online Peer Tutoring

State-Of-Art:
e Classroom Studies of Student
Tutoring

Inside the Mind of a CS Undergraduate TA: A Firsthand Account
of Undergraduate Peer Tutoring in Computer Labs

Julia M. Markel Philip J. Guo
UC San Diego
jmarkel@ucsd.edu

Using Peer Tutoring to Bolster Retention Rates and Student
Performance in CS1 Courses

Ameya Kolarkar

akolarkar@fsu.edu

Department of Center for the Advancement of Teaching
Florida State University Florida State University
Tallahassee, Florida, USA Tallahassee, Florida, USA

Property of a good solution:
* Should Study Peer Interactions
from Non-Traditional Students

Sharanya Jayaraman
sjayaram:
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ggg Two Proposals for Studying Learner Interaction

(a) Online Peer Tutoring

State-Of-Art:
e Classroom Studies of Student

4 Proposed Approach: )
Using Archival Data From PythonTutor
to Study Learner Satisfaction

\_ Preliminary Results in ICSE-SEET 2026 -

Property of a good solution:

* Should Study Peer Interactions
from Non-Traditional Students
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%ﬁ Two Proposals for Studying Learner Interaction

(a) Online Peer Tutoring (b) Al Assistance
State-Of-Art: State-Of-Art:
* Classroom Studies of Student * Many Studies Focus on Correct Al
4 Proposed Approach: ) (Comparing Models)
Using Archival Data From PythonTutor S
. ) Comparison of LLM Models
to StUd)’ Learner Satisfaction of Al: AComprehensive
Analysis
\_ Preliminary Results in ICSE-SEET 2026 W R ==
Property of a good solution: Property of a good solution:
* Should Study Peer Interactions * Should study effects of Al in a
from Non-Traditional Students controlled manner
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(a) Online Peer Tutoring

State-Of-Art:
e Classroom Studies of Student

-

&

Proposed Approach:

~

Using Archival Data From PythonTutor

to Study Learner Satisfaction

Preliminary Results in ICSE-SEET 2026

Two Proposals for Studying Learner Interaction

(b) Al Assistance

State-Of-Art:
* Many Studies Focus on Correct Al

-

Proposed Approach:
Conducting a Human Study of Al

~

Assistance effects on Code Summarization

J

Property of a good solution:
* Should Study Peer Interactions
from Non-Traditional Students

&

This Research is Ongoing

J

Property of a good solution:
* Should study effects of Al in a
controlled manner
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%ﬁ Two Proposals for Studying Learner Interaction

(a) Online Peer Tutoring

State-Of-Art:
e Classroom Studies of Student

Proposed Approach: 4 )
Using Archival Data From PythonTutor
to Study Learner Satisfaction

Preliminary Results in ICSE-SEET 2026 \_ J
Property of a good solution:
* Should Study Peer Interactions of
Non-Traditional Students
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Motivation: Peer Tutoring and Satisfaction

= | earner Satisfaction is important in pedagogy, including for non-traditional students.

= |t has been shown to impact retention.

Considerations for Switching: Exploring Factors behind CS
Students' Desire to Leave a CS Major
Amanpreet Kapoor Christina Gardner-McCune
Computer & Info. Science & Engineering Computer & Info. Science &
University of Florida, Gainesville, FL, USA 32611 University of Florida, Gainesvill . .
kapooramanpreet@ufl.edu gmccunc@ufled)  EXploring Factors that Influence Computer Science
U —— . © Introductory Course Students to Persist in the Major
males. Several factors significantly affected female students: _ ry _ : J
. . . Lecia J. Barker Charlie McDowell Kimberly Kalahar
perception of the presence of gender biases in the classroom, not School of Information Computer Science Department National Center for Women & IT
.. . v feedback . iof: . . k University of Texas University of California University of Colorado
recerving timely feedback, negative satisfaction in coursework, Austin, Texas 78712 USA Santa Cruz, CA 95064 USA Boulder, CO 80309 USA
+1512 471 3821 +1.831 459 4772 +1.303 735 6004
lecia@ischool.utexas.edu charlie@soe.ucsc.edu kalahark@colorado.edu
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Background:What is PythonTutor?

® PythonTutor is an online platform 100-999

frequented by novice non-traditional
learners

e —— _gaf
Sk, .':‘»‘;1‘

® |0+ million users [I1]

m |O+ years online

-

" Free to use, anonymous,
unmoderated, synchronous

[1] Ten Million Users and Ten Years Later: Python Tutor’s Design Guidelines for Building Scalable and Sustainable Research

Software in Academia (P Guo, UIST 2021)

1,000-9,999 == 10,000-99,999 w= 100,000-999,999 mm >1,000,000

Total # unique IP addresses per country
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% Background: PythonTutor’s Peer Tutoring Support

1= ["10", "2", "5",... , "Q"] Chat
Ll.sort()

run = [the code is supposed to remove all

for 1 in ( (L) - 1): pairs from the list. It half works

if 1[1] == 1[1 + 1]:
| see... remove both ‘
duplicates right!?

[ Visualize execution ] [ Python 3.11 \/] —_— (
LEARNER

HELPER

[ Get live help! [NEW] ] [ Stop chat session ]




Proposed Data Collection and Analysis

Proposed Data Collection

v" Collect archival peer tutoring sessions from PythonTutor

Data Analysis (Preliminary Analysis Reflects 108 peer tutoring sessions)

v" Qualitative Content Analysis of conversation structure, content, and satisfaction

o Apply Inter-rater Reliability (IRR)

v" Generalized Linear Mixed-Effects Regression (GLMER) analysis of learner
satisfaction

o Apply significance threshold of p < 0.05

o Apply BH to correct for multiple comparisons by g < 0.05
66



Methodology: Analyzing P2P Sessions
‘ ( “the code is supposed\ r ~
to remove all pairs “omgggg wth
( LEARNER ) from the list. It half thank you so
starts chat . works” P

HELPER ‘ “l see...” ‘ ‘ “fixed” ‘
enters chat

Learner Satisfaction

Request (bug fix) Outcome (successful)
triggers Issue #1 triggers end of Issue #l

Chat
session 67




Methodology: Analyzing P2P Sessions

?)
‘ (" “the code is supposed\ e N
“omgggg wth

to remove all pairs
( LEARNER ) from the list. It half thank you so
starts chat ? much MMM~
\ works y . y
HELPER ‘ “I see...” ‘ ‘ “fixed” ‘ ‘ “)” ‘

enters chat

Chat
session

L sue il 2

Learner Satisfaction

Request (bug fix) Outcome (successful)
triggers end of Issue #l1

triggers Issue #l
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Methodology: Analyzing P2P Sessions

?)
‘ (" “the code is supposed\ e N r N
“omgggg wth “do you mind

to remove all pairs
LEARNER from the list. It half thank you so explaining what
starts chat works”’ much M1~ . You did ?” y

‘ \__ J \_ J

HELPER ‘ “I see...” ‘ ‘ “fixed” ‘ ‘ “)” ‘
enters chat < >

Chat
session

L sue il 2

Learner Satisfaction Request (code
Request (bug fix) Outcome (successful) comprehension)
triggers Issue #l triggers end of Issue #I triggers Issue #2
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Methodology: Analyzing P2P Sessions g5
‘ (" “the code is supposed\ r ~ r ~\
to remove all pairs “omgggg wth “do you mind
( LEARNER ) from the list. It half thank you so explaining what
starts chat S works” y L much !!M” ) . You did ?” )

HELPER ‘ “l see...” ‘ ‘ “fixed” ‘ “)”
enters chat —
Communication: Communication: Communication:
. confirmation implement confirmation
Topic: bug Topic: new code Topic: new code
Request (code
Request (bug fix) comprehension)
triggers Issue #l Learner Satisfaction triggers Issue #2
Chat Outcome (successful)

triggers end of Issue #I 70

session




e\ : : : :
EMs Learning a Correlative Model of Learner Satisfaction

Primary Research Questions:

RQI: What is the content of peer-to-peer (P2P) tutoring interactions!?

RQ2: What communication strategies lead to successful learner satisfaction?




Preliminary Results:
= What is the content of P2P tutoring interactions?

Answer: We observe recurring classroom-relevant content in tutoring interactions!

Software Engineering Waterfall Model

Implementation




@) Preliminary Results:
BFE" What is the content of P2P tutoring interactions?

Answer: We observe recurring classroom-relevant content in tutoring interactions!

. . 90/108
Software Engineering Waterfall Model ( ), 83% of P2P Sessions include at least one stage

> 81% of P2P Sessions
Included Requirements
| : 67% of P2P Sessions
mplementation .
Included Implementation
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Preliminary Results:
= What is the content of P2P tutoring interactions?

Answer: We observe recurring classroom-relevant content in tutoring interactions!

Software Engineering Waterfall Model

(90/108)

Requirements

v

81% of P2P Sessions
Included Requirements

59% of P2P Sessions

Implementation

v

Included Design

67% of P2P Sessions

Verification

v

Included Implementation

47% of P2P Sessions
Included Verification

83% of P2P Sessions include at least one stage

27% (30/108) of P2P
Sessions include all four (!)

» Highlights Online
anonymous,

unmoderated P2P
Tutoring as a promising
learning support




Preliminary Results:
= What is the content of P2P tutoring interactions?

Answer: We observe recurring classroom-relevant content in tutoring interactions!

. . 90/108
Software Engineering Waterfall Model ( ), 83% of P2P Sessions include at least one stage
Requirements > | 81% of P2P Sessions > Learner programmers focus
Included Requirements heavily on code specifications.
» 59% of P2P Sessions

Included Design

67% of P2P Sessions
Included Implementation

v

Implementation

47% of P2P Sessions »> Testing and verification are
Included Verification underemphasized

Verification —
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Preliminary Results:
= What is the content of P2P tutoring interactions?

Answer: We observe recurring classroom-relevant content in tutoring interactions!

Software Engineering Waterfall Model

Requirements

v

Implementation

v

Verification

v

—

(90/108) L
> 83% of P2P Sessions include at least one stage
81% of P2P Sessions » Learner programmers focus
Included Requirements heavily on code specifications.
59% of P2P Sessions

> Highlights a potential area
where non-traditional

Included Design

learners may benefit from

67% of P2P Sessions additional tool support

Included Implementation

47% of P2P Sessions » Testing and verification are
Included Verification underemphasized
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What communication strategies lead to successful learner satisfaction?

Answer: We found multiple angles to explain this!

Three Lenses to Predicting Successful Leaner Satisfaction:

i (1) Initial Program Help Request Does Learner Satisfaction Depend on Help Request?
j (2) Individual Conversation Features Does Learner Satisfaction Depend on Conversation?

(3) Speaker Role (Learner vs Helper

Talking) Does Learner Satisfaction Depend on Speaker?
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— Preliminary Results:

What communication strategies lead to successful learner satisfaction?

Answer: We found multiple angles to explain this!

Three Lenses to Predicting Successful Leaner Satisfaction:

i (1) Initial Program Help Request Does Learner Satisfaction Depend on Help Request?
j (2) Individual Conversation Features Does Learner Satisfaction Depend on Conversation?

(3) Speaker Role (Learner vs Helper

Talking) Does Learner Satisfaction Depend on Speaker?
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B)9% Preliminary Results:

What communication strategies lead to successful learner satisfaction?

In successful conversations,

Ask personal questions o

LEARNERS9 Discuss prior coding experience & ¢~ more than HELPERS.

Talk about test cases
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)% Preliminary Results:

)
" * (] (] [ ] [ ] [ ]
What communication strategies lead to successful learner satisfaction?

In successful conversations,

unsuccessful
Ask personal questions o
LEARNERS Discuss prior coding experience & (~more than HELPERS.
ELPERS

LEARNERS

Talk about test cases

XX
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Preliminary Results:

What communication strategies lead to successful learner satisfaction?

» Implication: May help inform future tools to support learners

For example: Perhaps we counsel peer tutors not to lead with interrogations

about prior experience

LEARNERS

HELPERS

Ask personal questions

Talk about test cases

Discuss prior coding experience

1@ ¢~ more than HELPERS.
LEARNERS

L2 NN




%ﬁ Two Proposals for Studying Learner Interaction

(b) Al Assistance

State-Of-Art:
* Many Studies Focus on Correct Al
4 ) Proposed Approach:
Conducting a Human Study of Al
Assistance effects on Code Summarization

\ J This Research is Ongoing
Property of a good solution:

* Should study effects of Al in a
controlled manner

83



Motivation: Code Summarization and Al

= Code summarization is important in code maintenance and comprehension and
thus an important Learner Programmer skill to practice.

= We want to understand the effects of Al assistance on Learner programming
performance for code summarization

A Tale of Two Comprehensions? Analyzing Student Programmer Attention
during Code Summarization

Authors: Zachary Karas, Aakash Bansal, Yifan Zhang, Toby Li, Collin McMillan, YuHuang  Authors Info &

Claims

Code summarization is the task of creating short, natural language descriptions of source code. It is an

important part of code comprehension and a powerful method of documentation. Previous work has
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Methodology: Human Study Experiment

= We propose to conduct a human study to investigate Al assistance on Learner
Programmer performance, consisting of:

‘) Task: Write a code summary

Experimental Condition: Learner
receives Al assistance vs no Al assistance




& Methodology: Coding Task

:

" We propose to have participants complete
the study via a remote Survey.

1. Write a code summary for the method createRequest()§ Click here to view the I COdI ng Stimu II on G ithUb RePO I

source code.

The summary will be assessed according to the following quality attributes:

ChatCompletionRequest createRequest(Prompt prompt, boolean stream) {

» Summary accuracy

List<ChatCompletionMessage> chatCompletionMessages = prompt.getInstructions().stream().map(message —> {

e Whether the summary is missing information if (message.getMessageType() == MessageType.USER || message.getMessageType() == MessageType.SYSTEM) {
» Whether the summary contains unnecessary information ol fbjectjcontent = message getiextl)s

(message instanceof UserMessage userMessage) {
° SUmmary readability ) if (!CollectionUtils.isEmpty(userMessage.getMedia())) {

content = convertMediaContent(userMessage);

Please write your summary in the box below: i !

rn List.of(new ChatCompletionMessage(content,
ChatCompletionMessage.Role.value0Of(message.getMessageType().name())));
}
else if (message.getMessageType() == MessageType.ASSISTANT) {

var assistantMessage = (AssistantMessage) message;
List<ToolCall> toolCalls = null;
f (!CollectionUtils.isEmpty(assistantMessage.getToolC s())) {
toolCalls = assistantMessage.getToolCalls().stream().map(toolCall —> {
var function = new ChatCompletionFunction(toolCall.name(), toolCall.arguments())
return new ToolCall(toolCall.id(), toolCall.type(), function);
}).toList();

»turn List.of(new ChatCompletionMessage(assistantMessage.getText(),
ChatCompletionMessage.Role.ASSISTANT, null, null, toolCalls, null))




)
Age

Methodology: Coding Task Stimuli

" Selected |7 Java modules from GitHub
* Task and Presentation Design for Ecological Validity

Coding Stimuli on Github Repo |

Method name LOC | File name LOC Seeded defect type
fast-excel
buildUserModel 42 | ModelBuildEventListener 150 WrongVariable
afterWorkbookDispose 45 | DimensionWorkbookWriteHandler 66 WrongMethod
createCellStyle 45 | WriteWorkbookHolder 243 WrongConditional
chooseExcelExecutor 46 | ExcelAnalyserImpl 205 WrongMethod
fillComment 46 | AbstractExcelWriteExecutor 295 ExtraAssignment
headCellRangeList 48 | ExcelWriteHeadProperty 123 Uninitialized Variable
buildChain 55 | AbstractWriteHolder 408 ExtraStatement
finish 63 | ExcelAnalyserlmpl 205 OrToAnd
doFill 96 | ExcelWriteFillExecutor 532 OrToAnd
spring-ai-alibaba
after 46 | DashScopeDocumentRetrieval Advisor 157 ExtraAssignment
executeToolCall 49 | ObservableToolCallingManager 233 VarShouldHaveBeenMethod
createRequest 50 | DashScopeChatModel 454 Uninitialized Variable
apply 61 | McpNode 171 ExtraConditional
put 62 | MongoSaver 207 MissingStatement
upsertPipeline 62 | DashScopeApi 960 Uninitialized Variable
generate 66 | DiagramGenerator 147 WrongType
initBody 75 | HttpNode 611 ExtraAssignment

Total: 34 unique code stimuli (17 Java files from open-source projects, each with an original and defect-seeded version)

ChatCompletionRequest createRequest(Prompt prompt, boolean stream) {

List<ChatCompletionMessage> chatCompletionMessages = prompt.getInstructions().
f (message.getMessageType() == MessageType.USER || message.getMessageType() == MessageType.SYSTEM) {
Object content = message.getText();
f (message instanceof UserMessage userMessage) {
if (!CollectionUtils.isEmpty(userMessage.getMedia())) {
content = convertMediaContent(userMessage);

}

am( ) .map(message —> {

return List.of(new ChatCompletionMessage(content,
ChatCompletionMessage.Role.valueOf (message.getMessageType().name())));

if (message.getMessageType() == MessageType.ASSISTANT) {
var assistantMessage = (AssistantMessage) message;
List<ToolCall> toolCalls = null;
f (!CollectionUtils.isEmpty(assistantMessage.getToolCalls())) {
toolCalls = assistantMessage.getToolCalls().stream().map(toolCall —> {
var function = new ChatCompletionFunction(toolCall.name(), toolCall.arguments())
return new ToolCall(toolCall.id(), toolCall.type(), function);
}).toList();

return List.of(new ChatCompletionMessage(assistantMessage.getText(),
ChatCompletionMessage.Role.ASSISTANT, null, null, toolCalls, null))




Methodology: Al Assistance Condition Stimuli

" Generated Static Al responses from ChatGPT-40
= (1) Contains Summary of the Code
" (2) Contains Description of Whether it
Contains a Defect

* This design balances ecological validity
(verbatim Al responses) with experimental
control (static prompts and stimuli)

Our Al assistant generated the following text about this method:

(1) Summary of createRequest Method:

The createRequest method constructs a ChatCompletionRequest from
the given Prompt. It processes the prompt's messages and converts them
into a list of ChatCompletionMessage objects. Depending on the message
type, it handles user, system, assistant, and tool messages differently,
including media content conversion and tool call handling. The method also
merges runtime options with default options to ensure the request parameters
are accurately configured for the chat API call. Support for streaming and
various configurations like model, temperature, and token settings are
included.

(2) Bug Identification:
yes
Incorrect variable usage

The createRequest method references requestOptions without
initializing it before using it to resolve tool definitions and set request
parameters. The variable requestOptions should be initialized with
merged options before it is used in the method.




Proposed Data Collection and Analysis

Proposed Data Collection

v' Collect Remote Data from Learner Programmers

Data Analysis (Preliminary Analysis Reflects 47 Participants: | 7 women, 28 men, 2 not specified)

v" Qualitative Content Analysis of written code summaries quality (accuracy,

completeness, consciences, readability)

o Apply Inter-rater Reliability (IRR)

v" Generalized Linear Mixed-Effects Regression (GLMER) analysis
of code summary quality and response time

o Apply significance threshold of p < 0.05

o Apply BH to correct for multiple comparisons by g < 0.05 .



1)

EME | Learning a Causal Model of Code Summarization with Al Assistance

Primary Research Questions:

RQI: How does Al assistance influence code summarization performance!?




@) Preliminary Results:
EMS How does Al Influence Code Summarization?

Answer: Al assistance improves conciseness

= AI assistance improves conciseness (p = 0.002).

The createRequest method() is a method that Seems to handle different message types and
takes in prompt and a stream and returns a createsRequests based on them. If the message is
ChatCompletionRequest by making a list of a USER message and it has a valid format, it will
ChatCompletionMessage. create a list of chat messages using the inputted

User message data. In the ASSISTANT case, if
there are existing toolCalls for this given message,
then we will create a new ToolCall object with the
relevant parameters. Otherwise, we will return a
new generic list of ChatCompletionMessages.And
in the TOOL case, we will get the tool responses
for that message and stream them into a list. And
if we haven't returned yet, we will create a new
chatCompletionRequest with the toolCall
parameters. 91




Preliminary Results:
B How does Al Influence Code Summarization?

Answer: Al assistance improves conciseness

= AI assistance improves conciseness (p = 0.002). Ex.Without Al

The createRequest method() is a method that Seems to handle different message types and

» Implication: Learner programmers should use Al assistance as a natural
language scaffold.

» There are some concerns about where and when Al should be used by
Learners.

» Our results suggest that code summarization can benefit from Al use.

if we haven't returned yet, we will create a new
chatCompletionRequest with the toolCall
parameters. 92




PROPOSAL OVERVIEW ~ THREE RESEARCH DIMENSIONS

Investigating
behavioral influences
on programming and
decision-making

93




@ ,, BEHAVIORAL INFLUENCES
O g O

ON LEARNERS

How do behavioral self-regulating factors influence
learner decision making and programming performance?

RQ:



B8 Problem: Learners make several different kinds of decisions
that can impact learning and we don’t know how
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Pages 767-774 | Received 25 May 2019, Accepted 13 Dec 2019, Published online: 16 Jan 2020
95



Two Proposals for Studying Learner Behavior




Two Proposals for Studying Learner Behavior

(a) Attitudes Toward Stimulants

State-Of-Art:
* Majority of Studies Focus on
Prevalence or Motivations

The Use and Misuse of Prescription Stimulants
as “Cognitive Enhancers” by Students at One
Academic Health Sciences Center

John B Bossaer, PharmD %, Jeffrey A Gray, PharmD, Stacy E Miller, PharmD,
Gavin Enck, Vamsi C Gaddipati, MD, Robert E Enck, MD

Academic Medicine, Volume 88, Issue 7, July 2013, Pages 967-971,
https://doi.org/10.1097/ACM.0b013e318294fc7b
Published: 22 May 2013

Property of a good solution:
* Should Explain How Social and
Contextual Factors Influence

Decisions to Use
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Two Proposals for Studying Learner Behavior

(a) Attitudes Toward Stimulants

State-Of-Art:
* Majority of Studies Focus on

4 Proposed Approach: )
Conducting a Survey of Attitudes Toward
Stimulants to Understand Decision-Making

\_ This Research is Ongoing )
* Should Explain How Social and
Contextual Factors Influence

Decisions to Use
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Two Proposals for Studying Learner Behavior

(a) Attitudes Toward Stimulants (b) Exercise Breaks
State-Of-Art: State-Of-Art:
* Majority of Studies Focus on * Exercise as a Break as Only Been
4 Proposed Approach: ) Studied for CS Lecture
o . )
Conducting a Survey of Attitudes Toward Sweat So You Don’t Forget: Exercise Breaks
Stimulants to Understand Decision-Making During a University Lecture Increase On-
Task Attention and Learning
\ ThiS ReseGrCh "S Ongoing / Barbara Fenesi, Kristen Lucibello, Joseph A. Kim, Jennifer . Heisz &
* Should Explain How Social and Property of a good solution:
Contextual Factors Influence * Should Explain What Contexts in
Decisions to Use Which Exercise Breaks are Useful
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Two Proposals for Studying Learner Behavior

(a) Attitudes Toward Stimulants (b) Exercise Breaks
State-Of-Art: State-Of-Art:
* Majority of Studies Focus on * Exercise as a Break as Only Been
4 Proposed Approach: N Proposed Approach: )
Conducting a Survey of Attitudes Toward Conducting a Human Study of Exercise
Stimulants to Understand Decision-Making Breaks effects on Code Summarization
\_ This Research is Ongoing AN This Research is Ongoing -
* Should Explain How Social and Property of a good solution:
Contextual Factors Influence * Should Explain What Contexts in
Decisions to Use Which Exercise Breaks are Useful
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Two Proposals for Studying Learner Behavior

(a) Attitudes Toward Stimulants

State-Of-Art:
* Majority of Studies Focus on

4 Proposed Approach: N[ )
Conducting a Survey of Attitudes Toward
Stimulants to Understand Decision-Making

\_ This Research is Ongoing VAN J

* Should Explain How Social and
Contextual Factors Influence
Decisions to Use
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& O
Methodology: Defining the Terms in This Work

We propose to conduct a remote online survey of learner attitudes toward

stimulant use across social and contextual factors to study learners' decision-
making.

Stimulants = Cognitive Enhancers = Caffeine + Prescription Stimulants (e.g., Adderall) + Alcohol

102




& O
Methodology: Defining the Terms in This Work

We propose to conduct a remote online survey of learner attitudes toward

stimulant use across social and contextual factors to study learners' decision-
making.

Stimulants = Cognitive Enhancers = Caffeine + Prescription Stimulants (e.g., Adderall) + Alcohol

Y Ty S @

Attitudes =Willingness to Use + Fairness + Authenticity + Morals + Safety

* These are derived from preliminary qualitative analysis of free-form responses
to a prior exploratory survey
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& O
Methodology: Defining the Terms in This Work

= We propose to conduct a remote online survey of learner attitudes toward

stimulant use across social and contextual factors to study learners' decision-
making.

Stimulants = Cognitive Enhancers = Caffeine + Prescription Stimulants (e.g., Adderall) + Alcohol

Y Ty S @

Attitudes =Willingness to Use + Fairness + Authenticity + Morals + Safety

Contextual Factors =Type of Programming Task + Type of Stimulant + Perspective Framing

\ ) L )
|

Learner-Focused:
Studying, Programming
Assignment, Final Project

First vs.Third Person
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& O
Methodology: Defining the Terms in This Work

= We propose to conduct a remote online survey of learner attitudes toward

stimulant use across social and contextual factors to study learners' decision-
making.

Stimulants = Cognitive Enhancers = Caffeine + Prescription Stimulants (e.g., Adderall) + Alcohol

Y Ty S @

Attitudes =Willingness to Use + Fairness + Authenticity + Morals + Safety

Contextual Factors =Type of Programming Task + Type of Stimulant + Perspective Framing

Social Factors = Peer Use + Working with Others + Authority/Professor Endorsement
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& O . .
Methodology: Scenario-Survey Construction

= We propose to conduct a remote online survey of learner attitudes toward
stimulant use across social and contextual factors to study learners' decision-
making.

" We propose a hub-and-spoke survey design, where there are a small number of
controllable core scenarios each of which has multiple associated questions.

Ay

= Scenarios describe relevant contexts iy -
g Authenticity
= Questions assess willingness, fairness, etc. Fairness

Cg% Moral

3

Willingness

Safety
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& O . .
Methodology: Scenario-Survey Construction

= We propose to conduct a remote online survey of learner attitudes toward

stimulant use across social and contextual factors to study learners' decision-
making.

" We propose a hub-and-spoke survey design, where there are a small number of
controllable core scenarios each of which has multiple associated questions.

Scenarios describe relevant contexts
Questions assess willingness, fairness, etc.
Each participant is shown three scenarios
and three-to-five questions randomly
Designed with Social Worker

Collaborator (confidence)

Ay

E18

=

@ Authenticity

Fairness

3

Willingness

o6

Moral

Safety
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Methodology: Scenario-Survey Construction

= We propose to conduct a remote online survey of learner attitudes toward
stimulant use across social and contextual factors to study learners' decision-

making.

Contextual Factors Social Factors

A student considers using [N TIEN 571 N to enhance their skills forgRERER Q). For this task, the
UG  [Alone or W/ Peers] NENUIEL 7S Bl is not necessary for the person’s health or
well-being. This student knows that[EEZ-CLEE I of their friends or acquaintances use EERUTERN70]

in the same course [Absence or Presence of Professor Endorsement]

Scenario #1
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Proposed Data Collection and Analysis

Proposed Data Collection

v' Collect Remote Data from Learner Programmers
v" Attitudes Toward Stimulants (scenarios and questions)
v Computer Science Background, Demographics, & Personality Tests

Data Analysis

v" Generalized Linear Mixed-Effects Regression (GLMER) analysis
of the attitudes assessed

o Apply significance threshold of p < 0.05
o Apply BH to correct for multiple comparisons by g < 0.05

v" Qualitative Content Analysis of written comments and for data quality
109



6 O

Understanding Learners’ Attitude Toward Stimulant Use in Programming

Primary Research Question:

RQI:How do student programmer perceptions vary based on academic
computing contexts?

For Example:

Are you more willing to use stimulants for a homework vs. a final project!?
Do you think it is less fair if someone in a team project uses a stimulant?
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Understanding Learners’ Attitude Toward Stimulant Use in Programming

Primary Research Question:

RQI:How do student programmer perceptions vary based on academic
computing contexts?




Two Proposals to Studying Learner Behavior

(b) Exercise Breaks

State-Of-Art:

* Exercise as a Break as Only Been
4 Y4 Proposed Approach: )
Conducting a Human Study of Exercise
Breaks effects on Code Summarization

\_ VAN Preliminary Results are Underway J
Property of a good solution:

* Should Explain What Contexts in
Which Exercise Breaks are Useful
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Methodology: Human Study Experiment

= We propose to conduct a human study to investigate Exercise Breaks on Learner
Programmer performance, consisting of:

‘_} Task: Write a code summary

Experimental Condition: Learner

receives Exercise Break vs no break
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Methodology: Human Study Experiment

= We propose to conduct a human study to investigate Exercise Breaks on Learner
Programmer performance, consisting of:

Borrowed from
Interaction Dimension!

‘_} Task: Write a code summary

Experimental Condition: Learner

receives Exercise Break vs no break

| 14
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Methodology: Exercise Break Condition

Experimental Condition: Learner

receives Exercise Break vs no break

" Participants complete a 5-minute exercise break
before each taslk by using a guided video
" We adopt the exercise from Fenesi et. al [/] which
showed positive outcomes in a classroom setting
* Five repetitions of (50-Sec.Active — |10-Sec. Rest): (4) ©)
(1) jumping jacks,
(2) heeltaps,
(3) high knees,
(4) split jumps, and
(5) hamstring kickers.

17 Sweat so you don’t forget: Exercise breaks during a university lecture increase on-task attention and learning (B. Fenesi et. al, JARMAC 2028) '15




Proposed Data Collection and Analysis

Proposed Data Collection

v' Collect Remote Data from Learner Programmers
v Two Options: Submit Recording or Be Supervised Live (Feature in Model)

Data Analysis (Preliminary Analysis Reflects 47 Participants: | 7 women, 28 men, 2 prefer not to say)

v" Qualitative Content Analysis of written code summaries quality (accuracy,
completeness, consciences, readability)

o Apply Inter-rater Reliability (IRR)

v" Generalized Linear Mixed-Effects Regression (GLMER) analysis
of code summary quality and response time

o Apply significance threshold of p < 0.05

o Apply BH to correct for multiple comparisons by g < 0.05 "
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Learning a Causal Model of Code Summarization with Exercise

Primary Research Question:

RQI: How do physical exercise breaks influence code summarization
performance in learner programmers!?
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@ O Preliminary Results:

Answer: In this context, exercise impairs!

Physical exercise impairs code

summarization performance

* Longer response times (p < 0.001/)
(average 526 vs. 486 seconds)

* Reduced summary accuracy (p =
0.001) and conciseness (p = 0.01)

Ex.With Exercise

» Implication: This highlights the
importance of aligning behavioral
interventions with the specific
cognitive demands of programming
tasks.

First, the function writes a header to the current
context. Then, for each node, it writes the each
node to the context, and if the node is a
subgraph, writes each subgraph to the context as
well. After writing all the nodes, it then does the
edges. For each edge in the edges argument, it
will push a line to the context that connects the
two nodes that the edge is along.Then it finds
the starting edge by finding the first edge with
the id of the START constant. If this edge is not
parallel, has a non-null target id and an non-null
target value, it will declare the start edges target
to have the start condition as well. Then after
resetting how many conditional edges there are,
it will then iterate over each non-starting edge
and perform an action on each edge. If the edge
is pardllel, it will run a function on each of its
targets with CallStyle parallel. If it has just one
target, with CallStyle default, and if the target
has a null id but a existing value, then it will give
it an edge condition, with the format condition(n)
where (n) is how many edges there are with
these features.

How do Exercise Breaks Influence Code Summarization?

Ex.Without Exercise

The generate() method creates the context
object for a graph, given the nodes and edges
that make up that graph. It first adds a header
to the context, then iterates through all the
provided nodes (other than the source) and
appends them to the context recursively if they
are a subgraph, then iterates through all the
edges (other than the source) and adds them to
the context, before appending a footer to the
context. Along the way it counts the "conditional
edges" in the graph.
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PROPOSAL OVERVIEW ~ THREE RESEARCH DIMENSIONS

Modeling the cognitive Understanding natural Investigating
processes underlying language support in behavioral influences
learner programming learner programming on programming and

and satisfaction decision-making

19




PhD Course work
fNIRS (2024)
TMS (2024)

P2P Tutoring (2026)
Al & Exercise (2026)

Attitudes Survey (2027)
Undergraduate Mentorship

Instructor on Record

SCHEDULE AND TIMELINE ]

Proposed
Graduation

Research
Publication Delay

2021 2022 2023 2024 2025 2026 2027
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Relevant Publications Reflected in this Proposal

Priscila Santiesteban, Emma Shedden, Madeline Endres, Westley Weimer: An Empirical Study of
Anonymous, Unmoderated, and Online Peer-to-Peer Programming Tutoring Conversations, in

Software Engineering Education and Training at the International Conference on Software Engineering (SEET@ICSE),
2026.

Danniell Hu, Priscila Santiesteban, Madeline Endres, Westley Weimer: Towards a Cognitive Model of
Dynamic Debugging: Does Identifier Construction Matter?, in IEEE Transactions on Software Engineering

(TSE), 2024.

Hammad Ahmad, Madeline Endres, Kaia Newman, Priscila Santiesteban, Emma Shedden,Westley
Weimer: Causal Relationships and Programming Outcomes: A Transcranial Magnetic Stimulation

Experiment, in International Conference on Software Engineering (ICSE), 2024.
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https://pasantiesteban.github.io/ps.gitbub.io/Papers/DYNAMIC-DEBUGGING-TSE2024.pdf
https://pasantiesteban.github.io/ps.gitbub.io/Papers/TMS-ICSE-2024.pdf
https://pasantiesteban.github.io/ps.gitbub.io/Papers/TMS-ICSE-2024.pdf
https://pasantiesteban.github.io/ps.gitbub.io/Papers/TMS-ICSE-2024.pdf

Other Publications

Priscila Santiesteban,Yu Huang, Hammad Ahmad, Westley Weimer: CirFix: Automated Hardware Repair
and its Real World Applications, in IEEE Transactions on Software Engineering (TSE), 2023.

Priscila Santiesteban, Madeline Endres, Westley Weimer: An Analysis of Sex Differences in Computing
Teaching Evaluations, in 3rd Workshop on Gender Equality, Diversity, and Inclusion in Software Engineering

(GE@ICSE), 2022.

Chu-Pan Wong, Priscila Santiesteban, Christian Kastner, Claire Le Goues: VarFix: balencing edit
effectivness in automated program repair, in issue on the proceedings of the 29th ACM on European Software

Engineering Conference and Symposium on the Foundations of Software Engineering (ESEC/FSE), 202 1.
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https://pasantiesteban.github.io/ps.gitbub.io/Papers/FSE_2021.pdf
https://pasantiesteban.github.io/ps.gitbub.io/Papers/FSE_2021.pdf

Broader Impact

= Mentorship
= Mentored two undergraduates from underrepresented groups in CS
= Both were admitted to CS PhD Programs (UMICH & UMASS-AMHERST)

= Supervised two other undergraduate students for an independent study to completion

= Pedagogy
= |nstructor of record for EECS481 for Fall 2025 with 244 students with 4.50/5 evaluations

®= |nstructor of record for EECS481 for Winter 2026 with 242 students with 4.84/5 evaluations

= “Overall, Priscila Santiesteban was an excellent teacher. (Q2)”

" Worote and submitted an internal CRLT proposal (for $1500 total) to study some of the proposed

effects in the classroom
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Proposal Summary

9 O

Modeling the cognitive Understanding natural Investigating behavioral
processes underlying language support in influences on
learner programming learner programming programming and

and satisfaction decision-making

Thesis: It is possible to use multi-modal measures to develop statistically-significantly mathematical
models of learner programming that capture cognitive, interactive, and behavioral processes and explain
variation in performance, satisfaction, and decision making. 124
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LEARNER
starts chat

HELPER
enters chat

Chat

session 126




‘ (" “the code is supposed\

to remove all pairs

LEARNER from the list. It half
starts chat . works’”’

HELPER ‘ “l see...” ‘
enters chat

Request (bug fix)
triggers Issue #l

Chat

session 127




‘ f“the code is supposed\ - ~
to remove all pairs “omgggg wth
LEARNER from the list. It half thank you so
starts chat . works” y

HELPER ‘ “I see...”‘ ‘ “fixed” ‘
enters chat

Learner Satisfaction

Request (bug fix) Outcome (successful)
triggers Issue #1 triggers end of Issue #l

Chat
session 128




Preliminary Results:
What communication strategies lead to successful learner satisfaction?

‘ (1) Initial Program Help Request

=

129




=

45

35

30 -

Percent of
Total Requests

20 1
15 -

10 -

Preliminary Results:
What communication strategies lead to successful learner satisfaction?

‘ (1) Initial Program Help Request

Distribution of Request Types and Outcomes

|
Outcome

E Failure

1 Success

Help Request

> Despite using a
coding-oriented
platform, peer
tutoring code
comprehension
is just as likely to
be successful!
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= Preliminary Results:

What communication strategies lead to successful learner satisfaction?

j (2) Individual Conversation Features

Successful interactions exhibit;

® 20% more direct implementation)
= 40% more gratitude @

m 29% less frustration

m 28% less expressing that the user feels lost
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. .
— Preliminary Results:

What communication strategies lead to successful learner satisfaction?

3 (2) Individual Conversation Features

Successful interactions exhibit;

® 20% more direct implementation)

@ (c
> Peers give useful = 40% more gratitude %

feedback during <
sessions (not just m 29% less frustration

at the end)!
m 28% less expressing that the user feels lost

-

132



‘ (" “the code is supposed\ r ~ r ~\
to remove all pairs “omgggg wth “do you mind
( LEARNER > from the list. It half thank you so explaining what
starts chat » much !N ou did ?”
\ works ) \ uc y \ Y y
HELPER ‘ “| see...” ‘ ‘ “fixed” ‘ ‘ “)” ‘

enters chat < >
&) T«
Request (code

Request (bug fix) Outcome (successful) comprehension)
triggers Issue #l triggers end of Issue #l1 triggers Issue #2

Chat
session 133




Methodology: Scenario-Survey Construction

= We propose to do a contextually and socially aware online survey of learner attitudes
toward stimulants.

Attitude - Morals

[After being given a description of [ Sl |

Please indicate how morally acceptable or unacceptable you view the use offor school or work purposes:

Very Unacceptable Unacceptable Slightly Unacceptable Neutral Slightly Acceptable Acceptable Very Acceptable

|34




Methodology: Scenario-Survey Construction

= We propose to conduct a remote online survey of learner attitudes toward
stimulant use across social and contextual factors to study learners' decision-

making.

Attitude - Safety

[After being given a description of ]

Please rate your level of agreement to the following statements:

Neither Agree nor
Strongly Disagree Disagree Disagree Agree Strongly Agree

It is important to know whether the use

i [Stimulant] FEEIER
| know enough about KTt B

judge whether it is safe.

I think the use of safe

within the context or work or school
purposes.

| think the use of SNVl safe
within other contexts.
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Methodology: Scenario-Survey Construction

= We propose to conduct a remote online survey of learner attitudes toward
stimulant use across social and contextual factors to study learners' decision-

making. Contextual Factors Social Factors

Scenario #1

A student considers using S UIE, T )7 I to enhance their skills forg RIS Q . For this task, the
SOLEYIEY  [Alone or W/ Peers] N TEL Y7 Bl is not necessary for the person’s health or
well-being. This student knows that| Y UEES M of their friends or acquaintances use EEERLINTIERIRE

in the same course [Absence or Presence of Professor Endorsement]

After presenting the scenario, participants are asked:

|.  Are you willing to use this stimulant in this scenario?

2. Do you feel it is fair for others to use stimulant in this scenario?

3. If you used such stimulant in Class #| but not in Class #2, which final grade better reflects your skills?
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Methodology: Scenario-Survey Construction

= We propose to conduct a remote online survey of learner attitudes toward
stimulant use across social and contextual factors to study learners' decision-

making. Contextual Factors Social Factors

Scenario #1

A student considers using [ NLTIEL TR I to enhance their skills forf RIS RES Q)% . For this task, the
SOGEY  [Alone or W/ Peers] NETIEL 7S B is not necessary for the person’s health or
well-being. This student knows that [Peer Usage] of their friends or acquaintances use [Stimulant Type]

in the same course [Absence or Presence of Professor Endorsement]

Attitude - Willingness to Use

Would you use BENETRTIETTa Yl if you were in that student’s position?

Strongly Against Use Against Use Neither Against or for Use In Favor of Use Strongly in Favor of Use
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Methodology: Scenario-Survey Construction

= We propose to conduct a remote online survey of learner attitudes toward
stimulant use across social and contextual factors to study learners' decision-

making. Contextual Factors Social Factors

Scenario #1

A student considers using [ NLTIEL TR I to enhance their skills forf RIS RES Q)% . For this task, the
SOGEY  [Alone or W/ Peers] NETIEL 7S B is not necessary for the person’s health or
well-being. This student knows that [Peer Usage] of their friends or acquaintances use [Stimulant Type]

in the same course [Absence or Presence of Professor Endorsement]

Attitude — In the above situation, suppose that some students had access to [Stimulant Type]  [QMMlllg [Learner Task Type] Hellje
Fairness not all students (e.g., some lacked the resources or time). How fair would it be for [T ITSRXL VA1) I tO Use
[Stimulant Type]
Very Unfair Unfair Neutral Fair Very Fair

|38




Methodology: Scenario-Survey Construction

= We propose to conduct a remote online survey of learner attitudes toward
stimulant use across social and contextual factors to study learners' decision-

making. Contextual Factors Social Factors

Scenario #1

A student considers using [ NLTIEL TR I to enhance their skills forf RIS RES Q)% . For this task, the

SOGEY  [Alone or W/ Peers] NETIEL 7S B is not necessary for the person’s health or
well-being. This student knows thatjR AL of their friends or acquaintances use [Stimulant Type]

in the same course [Absence or Presence of Professor Endorsement]

Atti Suppose RSN LA Il taking two similar classes. In class #1, EIEEIG WAV T) [l made use of
ttitude — ${e://Field/SCEN1_CE} while studying for the final exam, but not while takini the final exam. In class #2, IO R 1T

Authenticity stul_1} never made use of Stimulant Type In which class does IR IRZIIJ I final exam grade better
reflect NN YEZVJ I capabilities?

Class #1, where ${e://Field/SCEN1_CE} is used while studying (but not during the exam)

Class #2, where ${e://Field/SCEN1_CE} is never used

|39

_ Both class final exam grades are equally good reflections of ${e://Field/auth-stu2_1} capability -




	Slide 1: Understanding  Cognitive, Interactive,  and Behavioral Dimensions of Learner Programmers
	Slide 2: Who are Learner Programmers for this work?
	Slide 3: What is “Cognition”  in this work?
	Slide 4: What Broad Problem Does This Work Address? Software Engineering (SE)
	Slide 5: What Specific Problem Does This Work Address? Supporting People Learning Software Engineering (SE)
	Slide 6: What Specific Problem Does This Work Address? Supporting People Learning Software Engineering (SE)
	Slide 7: Desired Properties of a Solution (1) Captures Cognitive Processes
	Slide 8: Desired Properties of a Solution (II) Accounts for Voluntary Learning Strategies
	Slide 9: Desired Properties of a Solution (III) Enables Measurable and Testable Analysis
	Slide 10: Desired Properties of a Solution (IV) Applies to Diverse Populations
	Slide 11: We Leverage Three Insights
	Slide 12: We Leverage Three Insights
	Slide 13: We Leverage Three Insights
	Slide 14: Insights Elaborated
	Slide 15: Insights Elaborated
	Slide 16: Insights Elaborated
	Slide 17: Thesis Statement
	Slide 18: Thesis Statement
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Slide 58
	Slide 59
	Slide 60
	Slide 61
	Slide 62
	Slide 63
	Slide 64
	Slide 65
	Slide 66
	Slide 67
	Slide 68
	Slide 69
	Slide 70
	Slide 71
	Slide 72
	Slide 73
	Slide 74
	Slide 75
	Slide 76
	Slide 77
	Slide 78
	Slide 79
	Slide 80
	Slide 81
	Slide 82
	Slide 83
	Slide 84
	Slide 85
	Slide 86
	Slide 87
	Slide 88
	Slide 89
	Slide 90
	Slide 91
	Slide 92
	Slide 93
	Slide 94
	Slide 95
	Slide 96
	Slide 97
	Slide 98
	Slide 99
	Slide 100
	Slide 101
	Slide 102
	Slide 103
	Slide 104
	Slide 105
	Slide 106
	Slide 107
	Slide 108
	Slide 109
	Slide 110
	Slide 111
	Slide 112
	Slide 113
	Slide 114
	Slide 115
	Slide 116
	Slide 117
	Slide 118
	Slide 119
	Slide 120
	Slide 121: Relevant Publications Reflected in this Proposal
	Slide 122: Other Publications
	Slide 123: Broader Impact
	Slide 124: Proposal Summary
	Slide 125
	Slide 126
	Slide 127
	Slide 128
	Slide 129
	Slide 130
	Slide 131
	Slide 132
	Slide 133
	Slide 134
	Slide 135
	Slide 136
	Slide 137
	Slide 138
	Slide 139

