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Traditional Learner Programmer Non-Traditional Learner Programmer

(Formally Enrolled Students) (Not Formally Enrolled)

Who are 

Learner 

Programmers 

for this work?

The Future Software Engineering Workforce 

Defining Terms Important to This Work
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Important Components to Study How People Learn

What is 

“Cognition” 

in this work? Medical Imaging Surveys

(Objective) (Self-Reporting)

Defining Terms Important to This Work



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)

As a result, understanding how students learn programming is a central concern in 

computer science education and workforce development. 
5
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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?



Desired Properties of a Solution

(1) Captures Cognitive Processes
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in addition to

XYZ
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Desired Properties of a Solution

(II) Accounts for Voluntary Learning Strategies

in addition to
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Desired Properties of a Solution

(III) Enables Measurable and Testable Analysis

in addition to
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Desired Properties of a Solution

(IV) Applies to Diverse Populations

in addition to



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.

We can implement recruitment strategies that support diversity and 

generalizability.
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Insights Elaborated

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.
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Thesis Statement

17

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

18

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 

processes underlying 

learner programming

Understanding natural 

language support in 

learner programming 

and satisfaction

Investigating 

behavioral influences 

on programming and 

decision-making
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COGNITIVE MODELS OF 

DEBUGGING AND 

CODE COMPREHENSION

How do cognitive processes support foundational 

programming tasks in learners? 
RQ:
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Problem:  We Do Not Fully Understand How Learners
               Think While Debugging or Comprehending Code

Code Writing

Kreuger et al. 

(2020)

Bug Detection

Castelhano et al. 

(2019)

DEBUGGING 

???

Code Comprehension

Siegmund et al. (2014, 2017)

5+ Correlation Studies

(Brain Imaging)
But No Causal 

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

Two Proposals for Studying Learner Cognition
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(a) Cognition of Debugging (b) Cognition of Code Comprehension

State-Of-Art: 

• Only Studied Task In Isolation

Property of a good solution:

• Should Study Task as a Dynamic 

Multi-Task Process

Code Writing

Kreuger et al. (2020)

Bug Detection

Castelhano et al. (2019)

DEBUGGING ???

Code Comprehension

Siegmund et al. (2014, 2017)

Two Proposals for Studying Learner Cognition
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DEBUGGING ???
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Proposed Approach:

Using functional near-infrared 

spectroscopy to Study Dynamic Debugging

Preliminary Results in TSE 2024

Two Proposals for Studying Learner Cognition
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(a) Cognition of Debugging

State-Of-Art: 

• Only Studied Task In Isolation

Property of a good solution:

• Should Study Task as a Dynamic 

Multi-Task Process

Code Writing

Kreuger et al. (2020)

Bug Detection
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DEBUGGING ???

Code Comprehension

Siegmund et al. (2014, 2017)

State-Of-Art: 

• Only Correlational Studies Exist

Property of a good solution:

• Should Test Causality of 

Correlational Findings of  Task

5+ Correlation Studies

(Brain Imaging)
But No Causal 

Relationship Found 

(b) Cognition of Code Comprehension

Two Proposals for Studying Learner Cognition

Proposed Approach:

Using functional near-infrared 

spectroscopy to Study Dynamic Debugging

Preliminary Results in TSE 2024

Proposed Approach:

Using transcranial magnetic 

stimulation to Study Code 

Comprehension
Preliminary Results in ICSE 2024
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Challenges For Measuring Cognition in Debugging

How do we measure brain activity in debugging? How do we identify debugging stage boundaries?
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Methodology For Measuring Cognition in Debugging

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

activation patterns of programmers while conducting real-world debugging.

How do we measure brain activity in debugging? How do we identify debugging stage boundaries?

Image of our fNIRS Cap

(Courtesy I. Kovelman Group)
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Methodology For Measuring Cognition in Debugging

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

activation patterns of programmers while conducting real-world debugging.

fNIRS uses light to measure the oxygen levels 

in different parts of the brain

✓ fNIRS allows for subject to realistically 

program (e.g., on a laptop, with an IDE) cf. fMRI

How do we measure brain activity in debugging? How do we identify debugging stage boundaries?

Image of our fNIRS Cap

(Courtesy I. Kovelman Group)
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Methodology For Measuring Cognition in Debugging

✓ We measure cognition via fNIRS How do we identify debugging stage boundaries?
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Methodology For Measuring Cognition in Debugging

We use a modified VSCode (industry 

standard environment). 

1) 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.

✓ We measure cognition via fNIRS How do we identify debugging stage boundaries?
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Methodology For Measuring Cognition in Debugging

✓We can infer debugging stage boundaries and contrast 

their contents cognitively 

    (such as code writing, specification reading, output analysis)

How do we identify debugging stage boundaries?✓ We measure cognition via fNIRS

We use a modified VSCode (industry 

standard environment). 

1) 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.



Neuroimaging Stimuli & Task

Each stimuli ends up containing:

• Problem Description 

    (text file)

• Code for Leetcode-Style Problem

    (<15 lines)

• One Seeded Defect

 (i.e., line of missing code)

• 1-3 Test Cases 

• Error Message

 (text file)

• Compiling: SE equivalent of “rest”

✓ We can identify the boundaries of debugging stages.
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✓ We can identify the boundaries of debugging stages.
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✓ We can identify the boundaries of debugging stages.
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Each stimuli ends up containing:

• Problem Description 

    (text file)
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 (i.e., line of missing code)
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Proposed Scan Data Collection and Analysis

✓ Participants debug 13 faulty Python programs (~10 min per problem)

42

✓ All while wearing fNIRS Cap 

✓ Compare activation of each debugging activity with each other and rest

    (Following best practices from psychology)

✓ Apply significance threshold of p < 0.05

✓ Apply FDR to correct for multiple comparisons by q < 0.05

✓ Each fNIRS scan session lasts ~50 minutes

Proposed Data Collection

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



Learning a Correlative Cognitive Model of Debugging

43

Primary Research Question:

RQ1:  What areas of the brain activate when students participate in different 

debugging activities?

Two Parts:

(1) Verify an inferred debugging stages behaviorally

(2) Verify the cognitive patterns across debugging stages



Preliminary Results: 

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

Can We Infer A Behavioral Model of Debugging?
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Answer:  Yes!

Nodes are stages and edge labels are observed transition frequencies



Preliminary Results: 

Can We Infer A Behavioral Model of Debugging?

46

Answer:  Yes!

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)

Nodes are stages and edge labels are observed transition frequencies
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Preliminary Results: 

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

Can we find patterns of activation across debugging? 

Red regions indicate statistically significantly 

different neural activity for that debugging state 

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

waiting for compilation)

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)
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Preliminary Results: 

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)

Debugging Stage Key Brain Region Cognitive Function

Task Comprehension Temporal cortex 

(Wernicke’s, Broca’s, 

BA 21, 52)

Language 

comprehension, 

auditory processing
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Preliminary Results: 

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

Task 

Comprehension

Temporal cortex 

(Wernicke’s, Broca’s, 

BA 21, 52)

Language 

comprehension, 

auditory processing

Code Editing Angular gyrus (BA 

39)

Spatial cognition, 

problem-solving

Output 

Comprehension

Right DLPFC (BA 

46)

Working memory

Debugging Stage Key Brain Region Cognitive Function

Task Comprehension Temporal cortex 

(Wernicke’s, Broca’s, 

BA 21, 52)

Language 

comprehension, 

auditory processing

Fault Localization No significant 

activation

???

Code Editing Angular gyrus (BA 39) Spatial attention, 

problem-solving

Output 

Comprehension

Right DLPFC (BA 46) Working memory

Answer:  Yes!



Preliminary Results: 

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

Task 

Comprehension

Temporal cortex 

(Wernicke’s, Broca’s, 

BA 21, 52)

Language 

comprehension, 

auditory processing

Code Editing Angular gyrus (BA 

39)

Spatial cognition, 

problem-solving

Output 

Comprehension

Right DLPFC (BA 

46)

Working memory

Debugging Stage Key Brain Region Cognitive Function

Task Comprehension Temporal cortex 

(Wernicke’s, Broca’s, 

BA 21, 52)

Language 

comprehension, 

auditory processing

Fault Localization No significant 

activation

???

Code Editing Angular gyrus (BA 39) Spatial cognition, 

problem-solving

Output 

Comprehension

Right DLPFC (BA 46) Working memory

Answer:  Yes!

➢ Implications:  These findings support 

the idea that the debugging process 

involves behaviorally and cognitively 

distinct stages, forming a robust 

foundation for the proposed end-to-end 

debugging model. 

➢ May inform transfer training type 

interventions. 53



PROPOSAL OVERVIEW ~ THREE RESEARCH DIMENSIONS

Modeling the cognitive 

processes underlying 

learner programming

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

How do learners interact with natural language support

during programming, and how do these interactions 

influence outcomes and satisfaction? 

RQ:

55
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Problem: Learners are working with their peers and AI but 

      we don’t fully understand how they influence outcomes
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Two Proposals for Studying Learner Interaction
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(a) Online Peer Tutoring

State-Of-Art: 

• Classroom Studies of Student 

Tutoring

Property of a good solution:

• Should Study Peer Interactions 

from Non-Traditional Students

Two Proposals for Studying Learner Interaction
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(a) Online Peer Tutoring

State-Of-Art: 

• Classroom Studies of Student 

Tutoring

Property of a good solution:

• Should Study Peer Interactions 

from Non-Traditional Students

Proposed Approach:

Using Archival Data From PythonTutor 

to Study Learner Satisfaction

Preliminary Results in ICSE-SEET 2026

Two Proposals for Studying Learner Interaction
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 Learner Satisfaction is important in pedagogy, including for non-traditional students.

 It has been shown to impact retention.

63

Motivation: Peer Tutoring and Satisfaction

.



 PythonTutor is an online platform 

frequented by novice non-traditional 

learners 

 10+ million users [1]

 10+ years online

 Free to use, anonymous, 

unmoderated, synchronous

64

Background: What is PythonTutor?

[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)

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

1
2
3
4
5
6

the code is supposed to remove all 

pairs from the list. It half works

Chat

I see... remove both 

duplicates right?

LEARNER

l = ["10", "2", "5",... , "Q"]
l.sort()

run = 0
for i in range(len(l) - 1):
    if l[i] == l[i + 1]:

HELPER

Visualize execution

Get live help! [NEW] Stop chat session

Python 3.11
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Proposed Data Collection and Analysis

✓ Qualitative Content Analysis of conversation structure, content, and satisfaction

o Apply Inter-rater Reliability (IRR)

o Apply BH to correct for multiple comparisons by q < 0.05

✓ Collect archival peer tutoring sessions from PythonTutor 

Proposed Data Collection

Data Analysis (Preliminary Analysis Reflects 108 peer tutoring sessions)

✓ Generalized Linear Mixed-Effects Regression (GLMER) analysis of learner 

satisfaction

o Apply significance threshold of p < 0.05
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Chat 

session

LEARNER 

starts chat

HELPER 

enters chat

“the code is supposed 

to remove all pairs 

from the list. It half 

works”

“omgggg wth 

thank you so 

much !!!!!!”

“fixed” “ :) ”

Request (bug fix) 

triggers Issue #1

“I see…”

Learner Satisfaction 

Outcome (successful) 

triggers end of Issue #1

Methodology:  Analyzing P2P Sessions
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works”
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thank you so 

much !!!!!!”

“fixed” “ :) ”

Request (bug fix) 

triggers Issue #1

“I see…”

Learner Satisfaction 

Outcome (successful) 

triggers end of Issue #1
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Chat 

session

LEARNER 

starts chat

HELPER 

enters chat

“the code is supposed 

to remove all pairs 

from the list. It half 

works”

“omgggg wth 

thank you so 

much !!!!!!”

“do you mind 

explaining what 

you did ?”

“fixed” “ :) ”

Request (bug fix) 

triggers Issue #1

Request (code 

comprehension) 

triggers Issue #2

“I see…”

Learner Satisfaction 

Outcome (successful) 

triggers end of Issue #1

Methodology:  Analyzing P2P Sessions

Issue #2

Issue #1
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Chat 

session

LEARNER 

starts chat

HELPER 

enters chat

“the code is supposed 

to remove all pairs 

from the list. It half 

works”

“omgggg wth 

thank you so 

much !!!!!!”

“do you mind 

explaining what 

you did ?”

“fixed” “ :) ”

Request (bug fix) 

triggers Issue #1 Learner Satisfaction 

Outcome (successful) 

triggers end of Issue #1

Request (code 

comprehension) 

triggers Issue #2

“I see…”

Topic: new code

Communication: 

confirmation

Topic: bug

Communication: 

implement

Communication: 

confirmation

Topic: new code

Methodology:  Analyzing P2P Sessions



Learning a Correlative Model of Learner Satisfaction

71

Primary Research Questions:

RQ1:  What is the content of peer-to-peer (P2P) tutoring interactions?

RQ2:  What communication strategies lead to successful learner satisfaction?



Requirements

Design

Implementation

Verification

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

72

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

Software Engineering Waterfall Model
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Answer:  We observe recurring classroom-relevant content in tutoring interactions!

83% of P2P Sessions include at least one stage

81% of P2P Sessions 

Included Requirements

59% of P2P Sessions 

Included Design

(90/108)
Software Engineering Waterfall Model

67% of P2P Sessions 

Included Implementation

47% of P2P Sessions 

Included Verification
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Design

Implementation

Verification

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

74

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

83% of P2P Sessions include at least one stage

81% of P2P Sessions 

Included Requirements

59% of P2P Sessions 

Included Design

(90/108)
Software Engineering Waterfall Model

67% of P2P Sessions 

Included Implementation

47% of P2P Sessions 

Included Verification

27% (30/108) of P2P 

Sessions include all four (!)

➢ Highlights Online 

anonymous, 

unmoderated P2P 

Tutoring as a promising 

learning support



Requirements

Design

Implementation

Verification

Preliminary Results: 
What is the content of P2P tutoring interactions?
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Answer:  We observe recurring classroom-relevant content in tutoring interactions!

83% of P2P Sessions include at least one stage

81% of P2P Sessions 

Included Requirements

59% of P2P Sessions 

Included Design

(90/108)
Software Engineering Waterfall Model

67% of P2P Sessions 

Included Implementation

47% of P2P Sessions 

Included Verification

➢ Learner programmers focus 

heavily on code specifications.

➢ Testing and verification are 

underemphasized



Requirements

Design

Implementation

Verification

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

83% of P2P Sessions include at least one stage

81% of P2P Sessions 

Included Requirements

59% of P2P Sessions 

Included Design

(90/108)
Software Engineering Waterfall Model

67% of P2P Sessions 

Included Implementation

47% of P2P Sessions 

Included Verification

➢ Learner programmers focus 

heavily on code specifications.

➢ Testing and verification are 

underemphasized

➢ Highlights a potential area 

where non-traditional 

learners may benefit from 

additional tool support



Preliminary Results: 
What communication strategies lead to successful learner satisfaction?
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Answer:  We found multiple angles to explain this!
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Three Lenses to Predicting Successful Leaner Satisfaction:

(1) Initial Program Help Request

(2) Individual Conversation Features

(3) Speaker Role (Learner vs Helper 
Talking)

Does Learner Satisfaction Depend on Help Request?

Does Learner Satisfaction Depend on Conversation?

Does Learner Satisfaction Depend on Speaker?

Answer:  We found multiple angles to explain this!
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Three Lenses to Predicting Successful Leaner Satisfaction:

(1) Initial Program Help Request

(2) Individual Conversation Features

(3) Speaker Role (Learner vs Helper 
Talking)

Does Learner Satisfaction Depend on Help Request?

Does Learner Satisfaction Depend on Conversation?

Does Learner Satisfaction Depend on Speaker?

Answer:  We found multiple angles to explain this!
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In  successful  conversations, 

Ask personal questions

Discuss prior coding experience

Talk about test cases

LEARNERS          more than HELPERS.

(3) Speaker Role (Learner vs Helper 
Talking)
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In  successful  conversations, 

Ask personal questions

Discuss prior coding experience

Talk about test cases

LEARNERS          more than HELPERS.

unsuccessful

HELPERS LEARNERS

(3) Speaker Role (Learner vs Helper 
Talking)
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In  successful  conversations, 

Ask personal questions

Discuss prior coding experience

Talk about test cases

LEARNERS          more than HELPERS.

unsuccessful

HELPERS LEARNERS

(3) Speaker Role (Learner vs Helper 
Talking) ➢ Implication: May help inform future tools to support learners

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

about prior experience
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(a) Online Peer Tutoring (b) AI Assistance

State-Of-Art: 

• Classroom Studies of Student 

Tutoring

Property of a good solution:

• Should Study Peer Interactions 

from Non-Traditional Students

State-Of-Art: 

• Many Studies Focus on Correct AI 

(Comparing Models)

Property of a good solution:

• Should study effects of AI in a 

controlled manner

Proposed Approach:

Using Archival Data From PythonTutor 

to Study Learner Satisfaction

Preliminary Results in ICSE-SEET 2026

Proposed Approach:

Conducting a Human Study of AI 

Assistance effects on Code Summarization

This Research is Ongoing

Two Proposals for Studying Learner Interaction



 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 AI assistance on Learner programming 

performance for code summarization

84

Motivation: Code Summarization and AI 

.
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Methodology: Human Study Experiment

 We propose to conduct a human study to investigate AI assistance on Learner 

Programmer performance, consisting of:

Task:  Write a code summary

Experimental Condition:  Learner 
receives AI assistance vs no AI assistance

Experiment Design: Randomized Order
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Methodology: Coding Task

Task:  Write a code summary

Experimental Condition:  Learner receives 
AI assistance vs no AI assistance

Experiment Design: Randomized Order

▪ We propose to have participants complete 

the study via a remote Survey.

Coding Stimuli on Github Repo
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Methodology: Coding Task Stimuli

Tasks:  Write a code summary

Experimental Condition:  Learner receives 
AI assistance vs no AI assistance

Experiment Design: Randomized Order

▪ Selected 17 Java modules from GitHub

▪ Task and Presentation Design for Ecological Validity

Coding Stimuli on Github Repo



Experimental Condition:  Learner receives 
AI assistance vs no AI assistance
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Methodology:  AI Assistance Condition Stimuli

▪ Generated Static AI responses from ChatGPT-4o 

▪ (1) Contains Summary of the Code

▪ (2) Contains Description of Whether it 

Contains a Defect

▪ This design balances ecological validity 

(verbatim AI responses) with experimental 

control (static prompts and stimuli)
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Proposed Data Collection and Analysis

✓ Qualitative Content Analysis of written code summaries quality (accuracy, 

completeness, consciences, readability)

o Apply Inter-rater Reliability (IRR)

o Apply BH to correct for multiple comparisons by q < 0.05

✓ Collect Remote Data from Learner Programmers

Proposed Data Collection

Data Analysis (Preliminary Analysis Reflects 47 Participants: 17 women, 28 men, 2 not specified)

✓ Generalized Linear Mixed-Effects Regression (GLMER) analysis 

of code summary quality and response time

o Apply significance threshold of p < 0.05



Learning a Causal Model of Code Summarization with AI Assistance
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Primary Research Questions:

RQ1:  How does AI assistance influence code summarization performance?



Preliminary Results: 
How does AI Influence Code Summarization?
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Answer: AI assistance improves conciseness 

▪ AI assistance improves conciseness (p = 0.002).

Seems to handle different message types and 

createsRequests based on them. If the message is 

a USER message and it has a valid format, it will 

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.

The createRequest method() is a method that 

takes in prompt and a stream and returns a 

ChatCompletionRequest by making a list of 

ChatCompletionMessage.

Ex. With AI

Ex. Without AI
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Answer: AI assistance improves conciseness 

▪ AI assistance improves conciseness (p = 0.002).

Seems to handle different message types and 

createsRequests based on them. If the message is 

a USER message and it has a valid format, it will 

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.

The createRequest method() is a method that 

takes in prompt and a stream and returns a 

ChatCompletionRequest by making a list of 

ChatCompletionMessage.

Ex. With AI

Ex. Without AI

➢ Implication: Learner programmers should use AI assistance as a natural 

language scaffold.

➢There are some concerns about where and when AI should be used by 

Learners. 

➢Our results suggest that code summarization can benefit from AI use.



PROPOSAL OVERVIEW ~ THREE RESEARCH DIMENSIONS

Understanding natural 

language support in 

learner programming 

and satisfaction

Investigating 

behavioral influences 

on programming and 

decision-making

93

Modeling the cognitive 

processes underlying 

learner programming



BEHAVIORAL INFLUENCES 

ON LEARNERS

How do behavioral self-regulating factors influence

learner decision making and programming performance? 
RQ:

94
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Problem: Learners make several different kinds of decisions 

that can impact learning and we don’t know how
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Two Proposals for Studying Learner Behavior
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(a) Attitudes Toward Stimulants

State-Of-Art: 

• Majority of Studies Focus on 

Prevalence or Motivations

Property of a good solution:

• Should Explain How Social and 

Contextual Factors Influence 

Decisions to Use

Two Proposals for Studying Learner Behavior



98

(a) Attitudes Toward Stimulants

State-Of-Art: 

• Majority of Studies Focus on 

Prevalence or Motivations

Property of a good solution:

• Should Explain How Social and 

Contextual Factors Influence 

Decisions to Use

Proposed Approach:

Conducting a Survey of Attitudes Toward 

Stimulants to Understand Decision-Making

This Research is Ongoing

Two Proposals for Studying Learner Behavior



99

(a) Attitudes Toward Stimulants

State-Of-Art: 

• Majority of Studies Focus on 

Prevalence or Motivations

Property of a good solution:

• Should Explain How Social and 

Contextual Factors Influence 

Decisions to Use

(b) Exercise Breaks

State-Of-Art: 

• Exercise as a Break as Only Been 

Studied for CS Lecture

Property of a good solution:

• Should Explain What Contexts in 

Which Exercise Breaks are Useful

Proposed Approach:

Conducting a Survey of Attitudes Toward 

Stimulants to Understand Decision-Making

This Research is Ongoing

Two Proposals for Studying Learner Behavior
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(a) Attitudes Toward Stimulants

State-Of-Art: 

• Majority of Studies Focus on 

Prevalence or Motivations

Property of a good solution:

• Should Explain How Social and 

Contextual Factors Influence 

Decisions to Use

(b) Exercise Breaks

State-Of-Art: 

• Exercise as a Break as Only Been 

Studied for CS Lecture

Property of a good solution:

• Should Explain What Contexts in 

Which Exercise Breaks are Useful

Proposed Approach:

Conducting a Survey of Attitudes Toward 

Stimulants to Understand Decision-Making

This Research is Ongoing

Proposed Approach:

Conducting a Human Study of Exercise 

Breaks effects on Code Summarization

This Research is Ongoing

Two Proposals for Studying Learner Behavior
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(a) Attitudes Toward Stimulants

State-Of-Art: 

• Majority of Studies Focus on 

Prevalence or Motivations

Property of a good solution:

• Should Explain How Social and 

Contextual Factors Influence 

Decisions to Use

(b) Exercise Breaks

State-Of-Art: 

• Exercise as a Break as Only Been 

Studied for CS Lecture

Property of a good solution:

• Should Explain What Contexts in 

Which Exercise Breaks are Useful

Proposed Approach:

Conducting a Survey of Attitudes Toward 

Stimulants to Understand Decision-Making

This Research is Ongoing

Proposed Approach:

Conducting a Human Study of Exercise 

Breaks effects on Code Summarization

This Research is Ongoing

Two Proposals for Studying Learner Behavior
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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 
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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. 

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

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

• These are derived from preliminary qualitative analysis of free-form responses 

to a prior exploratory survey
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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. 

Learner-Focused: 

Studying, Programming 

Assignment, Final Project

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

First vs. Third Person

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

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

Social Factors = Peer Use + Working with Others + Authority/Professor Endorsement

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

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



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.

Scenario

Willingness

Fairness

Authenticity

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. 

 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)

Scenario

Willingness

Fairness

Authenticity

Moral

Safety

107
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Methodology: Scenario-Survey Construction

[Stimulant Type] [Learner Task Type]

[Alone or W/ Peers] [Stimulant Type]

[Peer Usage] [Stimulant Type]

[Absence or Presence of Professor Endorsement]

Contextual Factors Social Factors 

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

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

making. 
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Proposed Data Collection and Analysis

o Apply BH to correct for multiple comparisons by q < 0.05

✓ Collect Remote Data from Learner Programmers

✓ Attitudes Toward Stimulants (scenarios and questions)

✓ Computer Science Background, Demographics, & Personality Tests

Proposed Data Collection

Data Analysis

✓ Generalized Linear Mixed-Effects Regression (GLMER) analysis 

of the attitudes assessed

o Apply significance threshold of p < 0.05

✓ Qualitative Content Analysis of written comments and for data quality



Understanding Learners’ Attitude Toward Stimulant Use in Programming

110

Primary Research Question:

RQ1: 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?



Understanding Learners’ Attitude Toward Stimulant Use in Programming
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Primary Research Question:

RQ1: How do student programmer perceptions vary based on academic 

computing contexts?
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(a) Attitudes Toward Stimulants

State-Of-Art: 

• Majority of Studies Focus on 

Prevalence or Motivations

Property of a good solution:

• Should Explain How Social and 

Contextual Factors Influence 

Decisions to Use

Two Proposals to Studying Learner Behavior

(b) Exercise Breaks

State-Of-Art: 

• Exercise as a Break as Only Been 

Studied for CS Lecture

Property of a good solution:

• Should Explain What Contexts in 

Which Exercise Breaks are Useful

Proposed Approach:

Conducting a Survey of Attitudes Toward 

Stimulants to Understand Decision-Making

No Preliminary Results are Available Yet

Proposed Approach:

Conducting a Human Study of Exercise 

Breaks effects on Code Summarization

Preliminary Results are Underway
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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

Experiment Design: Randomized 
Order
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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

Experiment Design: Randomized 
Order

Borrowed from 

Interaction Dimension!
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Methodology: Exercise Break Condition

▪ Participants complete a 5-minute exercise break 

before each task by using a guided video

▪ We adopt the exercise from Fenesi et. al [1] which 

showed positive outcomes in a classroom setting

▪ Five repetitions of (50-Sec. Active – 10-Sec. Rest): 

(1) jumping jacks, 

(2) heeltaps, 

(3) high knees, 

(4) split jumps, and 

(5) hamstring kickers.

Experimental Condition:  Learner 
receives Exercise Break vs no break

(1) (2)

(4) (5)

(3)

[1] Sweat so you don’t forget: Exercise breaks during a university lecture increase on -task attention and learning (B. Fenesi et. al,  JARMAC 2028)
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Proposed Data Collection and Analysis

✓ Qualitative Content Analysis of written code summaries quality (accuracy, 

completeness, consciences, readability)

o Apply Inter-rater Reliability (IRR)

o Apply BH to correct for multiple comparisons by q < 0.05

✓ Collect Remote Data from Learner Programmers 

Proposed Data Collection

Data Analysis (Preliminary Analysis Reflects 47 Participants: 17 women, 28 men, 2 prefer not to say)

✓ Generalized Linear Mixed-Effects Regression (GLMER) analysis 

of code summary quality and response time

o Apply significance threshold of p < 0.05

✓ Two Options: Submit Recording or Be Supervised Live (Feature in Model)
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Primary Research Question:

RQ1:  How do physical exercise breaks influence code summarization 

performance in learner programmers?

Learning a Causal Model of Code Summarization with Exercise



Preliminary Results: 
How do Exercise Breaks Influence Code Summarization?
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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)

➢ 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 parallel, 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.

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.

Ex. With Exercise Ex. Without Exercise



PROPOSAL OVERVIEW ~ THREE RESEARCH DIMENSIONS

Modeling the cognitive 

processes underlying 

learner programming

Understanding natural 

language support in 

learner programming 

and satisfaction

Investigating 

behavioral influences 

on programming and 

decision-making
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SCHEDULE AND TIMELINE

PhD Course work

fNIRS (2024)

TMS (2024)

P2P Tutoring (2026)

AI & Exercise (2026)

Attitudes Survey (2027)

Undergraduate Mentorship

2021 2022 2023 2024 2025 2026 2027

Instructor on Record

Proposed 

Graduation

Today

Research

Publication Delay

Other
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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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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 Kästner, 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), 2021.
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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 

 Instructor of record for EECS481 for Fall 2025 with 244 students with 4.50/5 evaluations

 Instructor of record for EECS481 for Winter 2026 with 242 students with 4.84/5 evaluations

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

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

effects in the classroom
123



Proposal Summary
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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.

Modeling the cognitive 

processes underlying 

learner programming

Understanding natural 

language support in 

learner programming 

and satisfaction

Investigating behavioral 

influences on 

programming and 

decision-making
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Chat 

session

LEARNER 

starts chat

HELPER 

enters chat
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Chat 

session

LEARNER 

starts chat

HELPER 

enters chat

“the code is supposed 

to remove all pairs 

from the list. It half 

works”

Request (bug fix) 

triggers Issue #1

“I see…”
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Chat 

session

LEARNER 

starts chat

HELPER 

enters chat

“the code is supposed 

to remove all pairs 

from the list. It half 

works”

“omgggg wth 

thank you so 

much !!!!!!”

“fixed” “ :) ”

Request (bug fix) 

triggers Issue #1

“I see…”

Learner Satisfaction 

Outcome (successful) 

triggers end of Issue #1



Preliminary Results: 
What communication strategies lead to successful learner satisfaction?
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Preliminary Results: 
What communication strategies lead to successful learner satisfaction?
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➢ Despite using a 

coding-oriented 

platform, peer 

tutoring code 

comprehension 

is just as likely to 

be successful!



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

 20% more direct implementation

 40% more gratitude

 29% less frustration

 28% less expressing that the user feels lost

(2) Individual Conversation Features



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

 20% more direct implementation

 40% more gratitude

 29% less frustration

 28% less expressing that the user feels lost

➢ Peers give useful 

feedback during 

sessions (not just 

at the end)!

(2) Individual Conversation Features
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Chat 

session

LEARNER 

starts chat

HELPER 

enters chat

“the code is supposed 

to remove all pairs 

from the list. It half 

works”

“omgggg wth 

thank you so 

much !!!!!!”

“do you mind 

explaining what 

you did ?”

“fixed” “ :) ”

Request (bug fix) 

triggers Issue #1

Outcome (successful) 

triggers end of Issue #1

Request (code 

comprehension) 

triggers Issue #2

Issue #2

“I see…”

Issue #1
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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                               ][Stimulant Type]

[Stimulant]
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Methodology: Scenario-Survey Construction

Attitude - Safety

[After being given a description of                               ][Stimulant Type]

[Stimulant]

[Stimulant]

[Stimulant]

[Stimulant]

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

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

making. 
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Methodology: Scenario-Survey Construction

[Stimulant Type] [Learner Task Type]

[Alone or W/ Peers] [Stimulant Type]

[Peer Usage] [Stimulant Type]

[Absence or Presence of Professor Endorsement]

Contextual Factors Social Factors 

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

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

making. 

After presenting the scenario, participants are asked:

1. 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 #1 but not in Class #2, which final grade better reflects your skills?
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Methodology: Scenario-Survey Construction

Attitude - Willingness to Use

[Stimulant Type] [Learner Task Type]

[Alone or W/ Peers] [Stimulant Type]

[Peer Usage] [Stimulant Type]

[Absence or Presence of Professor Endorsement]

Contextual Factors Social Factors 

[Stimulant Type]

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

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

making. 



138

Methodology: Scenario-Survey Construction

Attitude – 

Fairness

[Stimulant Type] [Learner Task Type]

[Alone or W/ Peers] [Stimulant Type]

[Peer Usage] [Stimulant Type]

[Absence or Presence of Professor Endorsement]

Contextual Factors Social Factors 

[Stimulant Type] [Learner Task Type]

[Stimulant Type]

[the student / you]

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

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

making. 
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Methodology: Scenario-Survey Construction

[Stimulant Type] [Learner Task Type]

[Alone or W/ Peers] [Stimulant Type]

[Peer Usage] [Stimulant Type]

[Absence or Presence of Professor Endorsement]

Contextual Factors Social Factors 

[the student / you]
Attitude –

Authenticity

[the student / you]
[the student / you]

[Stimulant Type] [the student / your]

[the student / your]

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

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

making. 
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