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Abstract
Large Language Model (LLM)-based coding assistants are trans-
forming software development by increasing short-term productiv-
ity, but their impact on developer understanding remains unclear.
Emerging evidence suggests that intensive reliance on these tools
may lead to cognitive bypass, where developers generate and accept
assistants’ correct solutions without fully internalizing their logic,
resulting in accumulated cognitive debt. Existing work does not em-
pirically assess the extent of cognitive debt in typical programming
tasks and how it can be reduced with structured assistant-human
interventions. In this paper, we propose theMastery-Aware Pipeline,
a workflow that introduces structured Mastery Checks, including
pre-implementation specification and post-implementation Socratic
review, to promote active reasoning in AI-assisted development.
We evaluate this approach through a quasi-experiment with 19
participants performing programming tasks with and without the
pipeline. Our results show that structured checks are associated
with higher developer understanding: average mastery scores were
higher with the pipeline (73) thanwithout it (62), and the proportion
of correct solution explanations was nearly 70% with the pipeline
versus 32% without it. We also observed that unconstrained AI us-
age led to more variable outcomes, reduced debugging confidence,
and a sharper decline in reflective practices. These findings suggest
that workflow design, such as the Mastery-Aware Pipeline, plays a
critical role in mediating the cognitive effects of LLM-assisted de-
velopment. Lightweight structured interventions can help preserve
both productivity and developer understanding.
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1 Introduction
Software developers are increasingly integrating Large Language
Models (LLMs) into their software development workflows [17].
This phenomenon is changing how developers write, review, and
reason about code [25]. Tools such as GitHub Copilot1, Claude
1https://github.com/features/copilot

Code2, and OpenAI Codex3 are now deeply embedded in Inte-
grated Development Environments (IDEs), enabling automated
code generation, completion, and explanation. Empirical studies re-
port substantial productivity gains associated with these tools [22],
particularly by reducing time spent on routine programming tasks.

Despite these benefits, emerging evidence suggests that inten-
sive reliance on LLM-based assistants may alter the cognitive pro-
cesses involved in software development [18, 19]. While traditional
programming requires developers to actively construct and refine
mental models of system behavior, LLM-assisted workflows can
shift this process toward evaluating generated outputs. Preliminary
studies and anecdotal reports indicate that developers may increas-
ingly delegate problem decomposition and solution synthesis to AI
systems, engaging primarily in verification rather than construc-
tion, the so-called Cognitive Bypass [18, 19]. This phenomenon is
a development pattern in which developers rely on AI-generated
solutions without fully internalizing the underlying logic, thereby
bypassing the cognitive effort required to build robust mental mod-
els [18, 19]. In this mode of interaction, developers risk adopting a
passive role, approving generated code without critically engaging
with its structure or implications.

This risk is further exacerbated by two complementary factors
identified in recent literature. First, the capabilities of LLMs have
been described as a Jagged Technological Frontier [7], in which
models perform unevenly across tasks: problems that appear com-
plex to humans may be handled correctly, while seemingly simple
tasks may fall outside the model’s competence, often resulting in
confident but incorrect outputs. Second, this uneven capability
interacts with Automation Bias, a well-documented tendency for
humans to favor suggestions from automated systems, reducing
their own critical engagement [26]. Empirical evidence suggests
that developers assisted by AI systems may over-trust generated
code, leading to poorer security outcomes compared to unaided
development [24]. Together, these factors amplify the risks of Cog-
nitive Bypass, as developers may both defer to and insufficiently
scrutinize AI-generated solutions.
2https://claude.com/product/claude-code
3https://openai.com/codex/

https://github.com/features/copilot
https://claude.com/product/claude-code
https://openai.com/codex/
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This phenomenon is closely related to the notion of Cognitive
Debt [30], which refers to the accumulation of gaps in understand-
ing resulting from reduced active engagementwith problem-solving
tasks [19]. Over time, such gaps may impair a developer’s ability
to assess code quality, reason about system behavior, and maintain
complex codebases. In extreme cases, this may lead to software
artifacts that are functionally correct but poorly understood by
their contributors, increasing long-term maintenance risks [19].
This type of approach, which maximizes short-term productivity
at the expense of cognitive engagement may introduce trade-offs
that are not yet fully understood.

In this paper, we argue for a complementary perspective on AI-
assisted development, one that preserves the benefits of automation
while actively supporting developer learning and understanding.
We called it the Put Brains Back approach. Rather than constrain-
ing the use of LLMs, we propose mechanisms to re-engage devel-
opers in the reasoning process. Namely, we introduce the concept
of Mastery Checks: structured interventions embedded within the
development workflow that prompt developers to articulate, justify,
or adapt generated solutions.

First, developers are required to produce a partial, human-authored
specification that outlines the problem, constraints, and intended
approach, ensuring initial engagement with the task before any
AI-generated solution is considered. Second, after interacting with
AI-generated code, developers must demonstrate proof-of-mastery
by explaining and critically reflecting on the solution, including its
rationale, limitations, and potential edge cases. This second step is
achieved through a Socratic review, a process in which a tutor (in
this case, an LLM) challenges the developer’s knowledge through a
series of questions designed to stimulate the use of critical think-
ing [11, 23]. This process is designed to use AI agents to assist, but
not replace, the developer’s reasoning, enforcing active cognitive
participation throughout the development lifecycle.

To evaluate this approach, we conducted a quasi-experiment
with 19 participants performing two programming tasks under dif-
ferent conditions: one governed by the proposed Mastery-Aware
pipeline and one using an unconstrained AI-assisted workflow.
We assessed developer understanding through a composite Mas-
tery Score and complementary qualitative indicators derived from
a Socratic review. The results show that, on average, participants
achieved higher mastery scores under the structured condition (72.9
vs. 62.2), with a decline observed in the unconstrained condition
(15/19 participants). Additionally, the proportion of participants able
to correctly explain their solutions dropped from 68.4% to 31.6%
without the pipeline, accompanied by reduced debugging confi-
dence and a sharp decrease in reflective documentation practices.
These findings suggest that structured interventions are associated
with stronger and more consistent evidence of developer under-
standing, while unconstrained AI usage may lead to more variable
outcomes and reduced internalization of generated solutions.

By framing AI assistance not only as a productivity tool but also
as a pedagogical instrument, this study aims to advance the design
of development workflows that balance efficiency with sustained
cognitive engagement. In this context, this study makes four main
contributions. First, we provide an empirical characterization of
cognitive debt in AI-assisted development, showing that differences
in developer understanding can be systematically observed through

a combination of quantitative measures (Mastery Score) and qual-
itative assessments (Socratic evaluation), revealing gaps that are
not detectable through functional correctness alone. Second, we
present evidence that structured desirable friction is associated
with improved developer understanding, as workflows incorporat-
ing specification and proof-of-mastery steps are linked to higher
mastery scores, better explanation ability, and more consistent re-
flective practices. Third, we introduce the Mastery-Aware Pipeline,
a practical workflow for AI-assisted development that integrates
formal specification and Socratic review as lightweight interven-
tions to promote active reasoning without restricting the use of AI
tools. Finally, we provide insights into the relationship between AI
usage and developer cognition, suggesting that outcomes are influ-
enced more by how developers engage with AI than by experience
level or model capability, thereby highlighting the role of workflow
design in mediating cognitive effects.

2 Background and Related Work
In this section, we discuss key concepts in our study: how Socratic
approaches are applied in the context of LLM use, the cognitive
debt on coding tasks, and the use of specification-based agents.

2.1 Socratic Review
Socratic questioning is a process of guided discovery that encour-
ages critical thinking through iterative question-answer dialogue [11,
23]. Studies have explored Socratic-style LLM interaction to comple-
ment direct AI answers, prompting users to reason about proposed
changes rather than passively accepting them [1, 21]. In teaching
scenarios, Ding et al. [8] propose SocraticLLM, reframing LLMs
from problem solvers into interactive tutors that scaffold reason-
ing via dialogue. In software development, Liding et al. [20] show
Socratic hints outperform targeted hints for long-term debugging
outcomes, and Della Porta et al. [6] demonstrate that structured
self-interrogation (MIND) improves LLM reasoning across code
generation and repair tasks.

Current studies use the Socratic approach to complement LLMs
during task execution; none focuses on post-implementation re-
view of the developer’s own understanding. We expand this with a
Socratic Review in which the LLM agent evaluates both code quality
and the knowledge acquired by the developer during the task.

2.2 Cognitive Debt
Cognitive debt accumulates when developers delegate reasoning
to AI without fully internalizing the generated results [2, 19, 30].
Kosmyna et al. [19] show through a four-month EEG and NLP study
(𝑛 = 54) that ChatGPT users exhibit the lowest neural connectivity,
weakest memory recall, and least perceived authorship, raising
concerns that productivity gains come at the cost of long-term
cognitive development. Complementary systematic reviews show
that cognitive load measurement in AI-assisted development is
evolving toward multimodal sensing [14, 15, 32].

Our study focuses on cognitive debt in coding tasks, using So-
cratic reviews to mitigate it and measuring the effect immediately
after developers accept AI-generated solutions.
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2.3 Specification-based Agents
Spec-Driven Design (SDD) grounds AI agents in explicit, struc-
tured specifications rather than underspecified natural-language
prompts [4]. Rosa et al. [27] propose CURRANTE, a VS Code exten-
sion structuring LLM-assisted development into specification, test
generation, and function generation stages, showing that structured
intent expression improves correctness and efficiency. Broader sur-
veys and human-in-the-loop frameworks confirm the potential of
multi-agent pipelines for software engineering tasks [16, 33, 37].

Unlike these studies, we use specification-based agents to guide
both the LLM and the developer throughout the task, examining
how cognitive debt is reduced or amplified depending on engage-
ment strategy. All programming task instructions are written by
humans, and the pipeline combines formal specification with post-
implementation Socratic review.

3 The Mastery-Aware Pipeline
In this section we propose theMastery-Aware pipeline, a workflow
that governs interaction with AI code assistants, re-establishing
the developer role as the active software designer by intention-
ally introducing structured friction or “desirable difficulty”. This
concept is presented by Bjork’s psychological theory, which states
that the effort required to synthesize information enhances knowl-
edge retention through the following affirmations: “manipulations
that appear to introduce difficulties for the learner during training
can enhance post-training performance” and “the act of retrieving
information is itself a potent learning event” [3].

These difficulties are directly related to the framework process,
since the developer is required to do more work by formally speci-
fying the programming task requirements through structured arti-
facts, contrasting with the usual “vibe coding” workflow, where the
developer asks the code assistant in a chat session to perform the
tasks based on vague or superficial requests. The proposed pipeline
is structured around two distinct stages: Formal Specification and
Proof of Mastery, illustrated in Figure 1 and detailed as following.

3.1 Stage 1: Formal Specification
This stage forces the developer to reflect upon his intent and for-
mally specify the task before the code assistant is allowed to start
coding the solution. This rule not only introduces the desirable
friction that builds the mental model, but also provides the agent
with better specifications through the use of the TODO.md artifact
than it would receive during regular LLM chat sessions. The file is
structured so that the developer needs to state the problem and ar-
ticulate the requirements, define the solution steps, and the success
criteria before a single line of code is generated.

The AI agent is strictly denied permission to create or
update this file. Thus, this restriction ensures the developer ex-
periences the desirable friction of thinking and carefully defining
the software design while building the mental model. This stage
governance is enforced via state locking. If TODO.md is empty,
missing, or not compatible with the user prompt, the agent refuses
to code. This prevents the workflow from proceeding until the
human software designer has really thought about the problem,
at least on a reasonable degree, instead of simply outsourcing the
implementation.

3.2 Stage 2: Proof of Mastery
This stage occurs post-implementation. Its goal is to verify whether
the developer has internalized the logic generated by the AI. This
stage preludes the Pull Request operation with an active defense of
the solution and improves it with historical “Proof of Mastery”.
Three types of artifacts, which as described below, are used to bridge
the gap between AI generation and human comprehension:
REPORT.md (AI-Generated): When completing the task, the agent
generates a summary of the changes with its implementation ap-
plied. Complementing the versioning diff, this serves as an opti-
mized reference for the developer to understand which artifacts
she should inspect to understand the modifications made by the
code assistant.
REACTO.md (Human-Generated): A developer should fill this ar-
tifact according to the REACTO [28] technique, that we adapted
from coding interviews, obeying the structured description in Table
1.
SOCRATIC_REVIEW (AI-Generated after Human vs AI debating):
This artifact is generated and derived by the coding assistant from a
Socratic debate between the developer and the AI agent itself. The
AI agent is instructed to base the debate on the other previously
generated artifacts and also on the modifications available through
the versioning diff of the project. See Section 3.3 for more details.

3.3 The Socratic Copilot Reviewer
The Socratic Copilot Reviewer is a persona adopted by the AI agent
through custom and agentic instructions [12, 13], invokedwhenever
the developer is satisfied and ready to submit their contribution for
further review and integration. Because coding assistants possess
the context-awareness to read documentation artifacts, analyze
project modifications, and verify automated tests, they provide an
ideal environment for a deep, interactive discussion about both
high-level architectural decisions and low-level code modifications.

To rigorously assess the developer comprehension and compe-
tence, the agent engages them in a Socratic reasoning dialectic
method proven to expose hidden assumptions, clarify constraints,
and test the validity of intermediate conclusions [6]. Due to the
confrontational nature of the Socratic reviewer, the developer needs
to understand what is being submitted, reflect on the quality of
the submission, and provide historical evidence of his competence
via the versioned SOCRATIC_REVIEW.md artifact in order to have
his contribution accepted by a human without a negative mastery
history committed.

3.4 Self-development: The BrainsBack CLI Tool
To validate the feasibility of theMastery-Aware Pipeline, we have im-
plemented the proposed workflow in the development of the Brains-
Back CLI tool. The project is open-source, available on GitHub [9]
and helps applying the proposed workflow in virtually any project,
including itself. After the initial boilerplate, all software increments
of the tool utilized its own features to ensure the quality and ad-
herence to the proposal. This self-development process recruited
VSCode’s GitHub Copilot as the actual coder of the tool, chosen
because it was the precursor of code assistants IDEs and also part
of the most popular editor, while the human developer retained the
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Figure 1: The Mastery-Aware Pipeline Architecture

Table 1: REACTO Technique and the role of each phase in
the Mastery-Aware Pipeline

Phase Description
Repeat Restate the user-facing problem. This forces

the developer to articulate the problem in their
own words instead of passively adopting the
AI’s framing, confirming that human and as-
sistant share the same target before any solu-
tion is defended.

Examples Provide concrete inputs and expected outputs
that demonstrate the fix, including edge cases.
This grounds the AI-generated changes in ob-
servable behavior and exposes whether the
developer actually understands what the code
does, rather than trusting plausible-looking
output.

Approach Describe the implementation strategy concep-
tually. This requires the developer to recon-
struct the design at an abstract level, distin-
guishing genuine comprehension of the strat-
egy from mere surface familiarity with the
generated code.

Code Rationale Pinpoint the most critical code changes and
justify their design. This shifts the focus from
what was changed (already visible in the diff)
to why it was changed, anchoring the proof of
mastery in design intent rather than syntactic
recognition.

Test Traceability Explain how the solution was validated, link-
ing test sources to the examples provided
or describing which manual tests were per-
formed. This couples claims of correctness to
verifiable evidence and counteracts the well-
known tendency of coding assistants to over-
assert success.

Optimize Address Big(O) complexity, trade-offs and op-
portunities for improvement. This pushes re-
flection beyond “it works”, surfacing trade-
offs and future improvements that the AI
rarely raises spontaneously and signaling a
deeper, ownership-level engagement with the
contribution.

role of a high-level software designer, specifying, reviewing, and
adjusting the product as new requirements were identified.

Illustrative Instance of a contribution and its generated
artifacts.Here we describe a real scenario faced in the development
of the Self-developed BrainsBack CLI tool [9] in one of the software
increments meta-developed with the tool. Trying to run the CLI
tool from a global installation would result in a problem resolving
dependencies unless the dependencies were locally installed in the
working directory. In this particular case, we knew the symptom,
but had no idea what the cause was until the investigative and
development process evolved with the support of the AI coding
assistant. The process took the following steps and generated all
the supra-cited artifacts:
Stage 1 - Specification. The developer specified the high-level
problem in TODO.md, focusing on telling the bug symptoms and ask-
ing the Code assistant to investigate and fix the issue and describing
the definition of done / success looks like condition (Listing 1).

# Strategic Blueprint
## The Problem
The `brainsback` CLI crashes when run after being installed globally via `npm

install -g .`.
## Steps
- [ ] Investigate the cause of the crash.
- [ ] Fix the issue.
## Success Looks Like
- [ ] All `brainsback` commands run without error after a global installation.

Listing 1: TODO.md

With the TODO.md artifact in place, the AI agent is allowed to
proceed upon user request. This request is made through the usual
Copilot chat interface and triggers a collaborative interaction be-
tween the developer and the agent in a Pair-Programming-like
session: The human developer and the AI agent investigate, analyze
command outputs, discuss, and implement code changes in a very
similar way to what regular co-workers would do. This iterative
dialogue continues until the problem is solved and all tests pass.
The process culminates in two key outputs: the final code diff and
the agent-generated REPORT.md (Listing 2), which summarizes the
changes and their rationale.
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# Implementation Report
## Snapshot
- **Change**: Fix `brainsback` global install failing to resolve dependencies
- **Status**: Complete
## The Changes
- `lib/commands/init.js` - Dynamic path resolution with dev/production fallback
- `bin/brainsback.js` - Entry point updated to reference the dist bundle
- `package.json` - `bin` now points to `dist/brainsback.js`; esbuild script

added
## Testing Strategy
- `npm run build` runs without error and generates `dist/brainsback.js`
- Installed globally; `brainsback init` and `brainsback status` work

in an empty directory

Listing 2: REPORT.md

Stage 2 - Mastery. In the second stage, the developer review the
code assistant modifications, the generated REPORT.md artifact and
try to prove his comprehension through the REACTO.md (Listing 3)
artifact. After filling the REACTO.md artifact, the developer can ask
the coding assistant to assess his described understanding of the
solution. The developer and the agent continue the conversation
until they are confident that the artifact indeed represents the work
accomplished.

# Proof of Mastery (REACTO)
## R - The Problem
The CLI tool crashed when installed globally (`npm install -g`) because...
## E - Examples
- Input: User runs `npm install -g .` then `brainsback init` in a new folder.

Output: command executes successfully using bundled dependencies; no "module
not found" errors.

## A - Approach
Switch from distributing raw source files to distributing a single bundled

executable.
1. Use `esbuild` to compile the app and all dependencies into `dist/brainsback.

js`.
2. Configure `package.json` to publish the bundle instead of the `lib/` folder.
## C - Code
- Dynamic Path Resolution with Fallback: In `lib/commands/init.js`, we couldn't

rely on a static relative path because the directory depth changes
between source (`lib/commands/init.js`) and bundle (`dist/brainsback.js`).
We implemented a check using `fs.existsSync` to verify

## T - Tests
- Build Verification: `npm run build` runs without error and generates `dist/

brainsback.js`.
- Artifact Inspection: Verified `dist/brainsback.js` starts with exactly one

Shebang line.
- Manual Integration: Installed the package globally from the local source and

verified `brainsback` commands function in an empty directory.
## O - Optimization
Doesn't really apply in this scenario

Listing 3: REACTO.md

When both are satisfied with the solution, the developer can
finally invite the Socratic Reviewer persona, which is also governed
by GitHub Copilot’s Custom Agents [13] and Skills [12], directly
within the chat session to conduct a final Proof-Of-Mastery discus-
sion. The agent scans REACTO.md and REPORT.md artifacts, reads
the code diff, checks if REACTO.md is sufficiently complete, and then
proceeds to a Socratic [6], not pre-determined, debate until the fi-
nal approval is achieved and the last artifact SOCRATIC_REVIEW.md
(Listing 4) is generated. At this point, all the modifications can be
submitted for a PULL REQUEST for a hopefully human review and
acceptance.

4 Study Design
We conducted a quasi-experiment [29] to evaluate the impact of the
Mastery-Aware Pipeline on cognitive debt. In this experiment, we

## Session
- **Date**: 2026-04-20
- **Change**: Fix brainsback global install dependency resolution
- **Verdict**: MASTERY PROVEN

## Exchange

### Q1
**Question**: You use `fs.existsSync` to pick the template path at runtime.
What happens if neither the dev nor the production path exists, and why is
that acceptable?
...
### Q2
**Question**: Why switch from ESM dynamic `import()` to CommonJS `require`?
What would have broken if you had kept dynamic imports?

**Answer**: esbuild cannot statically analyse dynamic `import()` calls, so
those modules would remain unresolved in the single-file bundle. Switching
to `require` lets esbuild inline every dependency, making the global
executable fully self-contained.

Listing 4: SOCRATIC_REVIEW.md

submit the developers to two distinct tasks in a Tic-Tac-Toe game:
the 1st task using the pipeline and the 2nd task without using it.

4.1 Research Questions
With this quasi-experiment, we aimed to understand how the usage
of AI code assistants can reflect on the accumulation of cognitive
debt and to what extent. Mostly important, we analyze whether
we can mitigate or diminish the extent of this phenomenon by
reintroducing desirable humans’ friction. With that goals in mind,
we defined the following research questions.

RQ1. Can cognitive debt be systematically detected and measured?
To what extent can the existence of cognitive debt be systemati-
cally detected and quantified within an AI-assisted development
workflow? To answer RQ1, we utilized a Socratic debate phase
(Section 3.3) that the participants should participate in after com-
pleting all the tasks to prove and/or expand his mastery of the
contribution.

RQ2. Does structured desirable friction mitigate cognitive debt?
What is the effect of introducing desirable friction, such as struc-
tured constraints and Socratic interactions, as a mechanism to
mitigate cognitive debt? To answer RQ2, we compared the per-
formance of the participants on the Socratic debate in both
tasks and calculated the differences in Task 1 (with the mas-
tery pipeline) and Task 2 (without the pipeline). The evaluated
metrics on this activity wereModule Explanation, Socratic Debate
and Design Justification. These three basic metrics were chosen
as they are important to characterize the extent of the cognitive
engagement. While critical thinking is captured by the socratic
debate, the explanation of the core modules involved in the pro-
gramming tasks and design justification are additional, critical
parts of the cognitive process that implies basic knowledge re-
tention.

4.2 Recruiting Participants
To select participants, we recruited developers with professional-
level experience ranging from 2 to 10 years in software development,
as well as diverse academic backgrounds. The sample included par-
ticipants from undergraduate students in the third year of Computer
Science or Computer Engineering to more experienced developers
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including those with MSc, PhD, and postdoctoral degrees. All the
selected undergraduate students participate in software projects
and are already experienced with the use of AI assistants, i.e., they
previously enrolled in programming tasks with support of these
assistants. These diverse backgrounds were convenient to check
whether the experience levels of the participants are reflected in
their experiment performance.

4.3 Study Procedures
The quasi-experiment had six main steps that all participants should
follow.

Step 1: Experiment presentation. At the beginning of the
experiment session, the experiment instructor, the first author of
this paper, showed a slide presentation explaining the Tic-Tac-Toe
project and all the steps to run the experiment. The project was
deliberately simple to run, consisting of pure HTML and Javascript
code that could run directly from the filesystem in a browser, requir-
ing no additional tooling or dependencies. Despite its simplicity,
there are still real technical scenarios caveats in the assigned tasks,
for instance the different treatment necessary in the Javascript data
structures for unicode characters versus regular characters and the
need to keep the scores even when a new game is started. Before
starting any task, each participant was asked to read and fill out
the consent document, providing their full name and a YES/NO
authorization for the anonymized use of their data for academic
research.

Step 2: Task 1 presentation. In the first task, the participants
had to replace the traditional "X" and "O" symbols with cat and dog
emojis. The participants were told that this task would be governed
by theMastery-Aware pipeline and that in order to do it they should
follow its particular protocol. The students were also encouraged
to try and break the rules, asking the agent to implement the task
without adding a clear plan in the TODO.md artifact.

Step 3: Finishing the work. After finishing the first task, they
should review the code changes and the REPORT.md artifact in order
to fill the proof-of-mastery REACTO.md artifact. The developer could
then ask the AI coding assistant if it was a good representation of the
work done. The developer should review the work and update the
artifact until the AI code assistant can give him a positive response.
Finally, the developer would be able to commit the work and start
the second task.

Step 4: Task 2 presentation. In the second task, the participants
had to implement a scoreboard to track the players’ wins. The
experiment instructor explained how to disable the pipeline and
presented the task, explaining that this particular task would no
longer be restricted and that they could develop it the way they felt
more comfortable.

Step 5: Socratic Debate. After accomplishing both tasks, the
participants should engage in a Socratic debate with the AI code
assistant, which was already configured to so through the leverage
of custom instruction and agent skills [12, 13]. The debate would
first ask predefined questions about the overall experience and
finally socratic questions about their particular solution, for both
Task 1 and Task 2. Once the Socratic debate was finished, the agent
would finally generate the SOCRATIC_REVIEW.md artifact with the

whole conversation and the verdict of the participants’ success in
defend their implementation.

Step 6: Submitting the work. At the end of the experiment,
the participant could make comments to report any troublesome
issue encountered along the experiment, and the agent verified
that the consent document filled at the beginning of the session
(Step 1) had been duly completed. Submissions affected by trouble-
some issues that would artificially contaminate the experimental
results (e.g., participants who failed to properly store their work or
interactions with the AI code agents) were later excluded during
the data analysis, as detailed below.

4.4 Data Analysis Procedures
Once all participants had submitted their PULL REQUESTS, we
proceeded by batch downloading and compiling them into a mas-
sive experiment report [10]. This report contains all the available
data: TODO.md, REPORT.md, REACTO.md, and an equivalent version
of SOCRATIC_REVIEW.md with the slight difference that this one
would be the result of a debate about the overall experience, specific
and dynamic questions for each task, and the perceived difference
between Task 1 and Task 2 experience.

The dataset was really extent, contemplating the raw artifacts
of 32 participants and 34 PULL REQUESTS, so we leveraged some
of the best LLM models available [35, 36] for data analysis (i.e.,
Claude Opus 4.7, Gemini Pro 3.1, and GPT-Codex 5.2) to translate,
anonymize [31, 34], and analyze this data. A significant amount
of submissions had to be rejected: 2 duplicated PULL REQUESTS
from one participant were discarded from the dataset in favor of the
their last submission, and 13 other submissions ended up being not
measurable because participants failed to properly store their work
or AI interactions, which left the key artifact SOCRATIC_REVIEW.md
(the one that should contain the comparison results for Task 1
and Task 2) missing or incomplete. This left us with 19 accepted
participants who submitted high-quality, measurable data. With
this data in hands we could proceed with the data analysis.
Qualitative Analysis. We have conducted the qualitative evalu-
ation of participant comprehension and artifact quality also with
the support of AI agents. Their expertise in analyzing code struc-
ture and evaluating technical discussions make them good quali-
tative judges in automating error analysis and evaluating natural
language reasoning [5]. This qualitative analysis brought us the
results presented in Tables 3 and 4 in a detailed manner. We thor-
oughly inspected and double-checked all the scores presented in
these tables.
Quantitative Analysis. Delegating the quantitative scoring of the
participants to AI agents at first seemed like a considerable risk
regarding accuracy and hallucinations. For that reason, this phase
was conducted case by case for the 19 participants, where we could
notice that the models were not relying on generative arithmetic,
but were producing intermediate data analysis scripts to correctly
compute statistical metrics (averages, deltas, standard deviations).
To ensure the reliability of this data, all generated quantitative
scores were manually double-checked by the authors against the
participants’ submitted artifacts, and the data was confirmed to be
highly accurate and fair by their own judgment. This quantitative
analysis brought us the results in Table 2.
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5 Results and Discussion
This section presents and discusses the results of the quasi-experiment
described in Section 4. We compare the pipeline-constrained con-
dition (Task 1) with the unconstrained condition (Task 2) through
three lenses: the composite Mastery Score, qualitative indicators
from the Socratic debate, and observed design decisions.

5.1 Quantitative Mastery Scores
Table 2 reports the composite Mastery Score (0–100) across Module
Explanation (0–45), Socratic Debate (0–35), and Design Justification
(0–20). Individual scores are shown because variance itself is part of
the result. The amount of scores given to these criteria was chosen
based on their increasing relevance to cognitive engagement or debt.
The ability to explain the modules involved in program changes
(up to 45) is the most basic, essential aspects. The ability to defend
the solution to peers – like in modern code review processes (up
to 35) – or to herself is part of the required cognition process. The
explication of design rationale (up to 20) is desirable but, in fact,
neglected event in traditional (non-AI-assistance based) software
development.

Table 2: Individual Mastery Scores per Task (𝑛 = 19).

PR Exp. Task 1 (Pipeline ON) Task 2 (Pipeline OFF)
Δ

Mod Soc Des T1 Mod Soc Des T2

01 3y 45 35 20 100 34 26 15 75 −25
02 6y 23 35 10 68 0 26 5 31 −37
03 4y 45 35 20 100 45 35 20 100 0
04 4y 45 35 20 100 34 26 18 78 −22
06 3y 34 26 10 70 26 26 15 67 −3
07 3y 45 35 15 95 45 32 15 92 −3
12 3y 23 18 15 56 23 26 5 54 −2
13 2y 9 18 10 37 9 26 5 40 +3
14 4y 34 26 15 75 0 26 5 31 −44
17 3y 34 26 15 75 23 26 15 64 −11
18 3y 45 35 20 100 23 32 18 73 −27
20 4y 45 32 15 92 34 32 15 81 −11
21 4y 0 26 15 41 23 18 10 51 +10
25 10y 23 35 15 73 34 32 15 81 +8
28 9y 41 32 15 88 34 32 15 81 −7
30 6y 0 18 5 23 0 9 0 9 −14
31 10y 23 32 15 70 34 26 15 75 +5
33 10y 0 18 15 33 0 9 5 14 −19
34 10y 45 26 18 89 34 32 18 84 −5
Average 29.4 28.6 14.9 72.9 23.9 26.2 12.1 62.2 −10.7
Std. dev. 16.3 6.5 3.9 24.1 14.7 7.0 5.8 25.5 N/A
Mod = Module Explanation; Soc = Socratic Debate; Des = Design Justification.

The average Mastery Score fell from 72.9 points under the
pipeline to 62.2 points without it, a decline of 10.7 points (14.7%
relative). The decrease was not driven by a small number of isolated
cases: 15 of the 19 participants (78.9%) had a non-positive delta from
Task 1 to Task 2. The standard deviation also increased from 24.1 to
25.5, suggesting that the unconstrained condition produced more
polarized outcomes. Some participants maintained strong mastery
without external enforcement, while others showed substantial
losses once the specification and proof-of-mastery artifacts were
removed. This pattern can be interpreted as a polarization effect: the
unconstrained condition did not uniformly degrade performance,
but instead amplified differences between participants, with some

maintaining high mastery while others experienced substantial
declines.

The extreme cases clarify this pattern. PR 14 had the steepest
decline (Δ = −44) and later summarized the Task 2 process as “I just
let it do it”. PR 2, despite six years of professional experience, fell by
37 points. PR 18, who achieved a perfect score in Task 1, dropped by
27 points in Task 2. In contrast, PR 3 obtained perfect scores in both
tasks after identifying and correcting an AI-introduced bug before
submission. These cases suggest that the decisive factor was not
simply experience or tool capability, but whether the participant
remained actively engaged in the reasoning process.

No clear relationship between programming experience and per-
formance outcomes was observed. Participants with several years
of experience were among those with the largest declines (e.g., PR 2
with 6 years, PR 14 with 4 years), while others maintained high
performance. This suggests that experience alone did not predict
resilience to the effects observed in the unconstrained condition.
Similarly, the choice of AI model did not consistently explain par-
ticipant outcomes. Comparable variability was observed within the
same tool usage, indicating that differences in mastery were more
closely associated with how participants engaged with the assis-
tant than with the assistant itself. Taken together, the quantitative
results indicate a consistent decline in performance across most
participants, accompanied by increased variability, suggesting that
the removal of structured workflow constraints is associated with
both lower average mastery and less predictable outcomes.

5.2 Cognitive Debt Indicators
The Socratic debate complemented the numerical scores by expos-
ing what participants could and could not explain about their own
submissions. The strongest indicator was module explanation abil-
ity: whether participants could describe, without consulting the
code, how the modified components interacted. Table 3 summarizes
this distribution.

Table 3: Module explanation distribution (𝑛 = 19).

Level Task 1 (Pipeline) Task 2 (No Pipeline) Δ

Yes (correct) 13 (68.4%) 6 (31.6%) −7
Partial 3 (15.8%) 8 (42.1%) +5
No 3 (15.8%) 5 (26.3%) +2

The share of correct explanations fell from 68.4% to 31.6%, a
decrease of 36.8 percentage points. This is a different kind of
measurement from the Mastery Score: instead of asking how much
each participant scored on a continuous rubric, it asks how many
participants crossed a specific comprehension threshold. The two
measurements point in the same direction. Without the pipeline,
fewer participants could give a complete account of the code they
had just submitted. This result reinforces that functional correctness
does not necessarily imply internalized understanding. Participants
were often able to produce working solutions, yet were unable
to explain how those solutions operated, indicating a disconnect
between implementation and comprehension.

The failure modes were concrete rather than merely hesitant.
PR 14 answered “No, I just let it do it”. PR 2 reported not know-
ing exactly how the two JavaScript files interacted. PR 6 described
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script.js as “backend” in a purely client-side application. PR 21
believed that the scoreboard reset after “New Game”, although
the implemented behavior accumulated scores across games. In
each case, the submitted software could appear acceptable from the
outside, while the participant’s mental model diverged from the
artifact. These cases illustrate a recurring pattern in which partici-
pants relied on AI-generated solutions without fully constructing a
corresponding mental model, a phenomenon consistent with what
can be described as cognitive bypass.

Autonomous debugging confidence showed a related shift. Ta-
ble 4 reports the answers to the Socratic question: “Could you debug
a critical error without AI?” The number of confident “Yes” answers
remained stable, but the middle category eroded: four participants
moved from “Partial” in Task 1 to an explicit “No” in Task 2. This
shift in self-reported confidence aligns with the quantitative and
qualitative findings, suggesting that reduced explanation ability is
accompanied by reduced perceived ownership of the solution.

Table 4: Autonomous debugging confidence by task (𝑛 = 19).

Confidence Task 1 Task 2 Δ

Yes 11 (57.9%) 11 (57.9%) 0
Partial 7 (36.8%) 3 (15.8%) -4
No 1 (5.3%) 5 (26.3%) +4

The wording of the answers is important. PR 12 stated that, with-
out AI, “I might have to rewrite it from scratch”. PR 13 answered
“I think quite probably not”. These statements indicate a loss of
ownership that automated tests would not reveal. They also help
explain why the Mastery Score decline is not merely a scoring arti-
fact: participants themselves recognized that they would struggle
to maintain the code independently.

The documentation artifacts showed the same dependency on
structure. In Task 1, all 19 participants produced both TODO.md and
REACTO.md, as required by the pipeline. In Task 2, after enforcement
was removed, only 4 participants (21.1%) produced any reflective
documentation voluntarily. This 79-percentage-point gap suggests
that reflective practice did not yet behave as an internalized habit
for most of the cohort. It appeared when the workflow demanded
it, and largely disappeared when the demand was removed. This
gap suggests that reflective practices did not behave as internal-
ized habits for most participants, but instead depended on explicit
workflow enforcement.

Finally, several submissions illustrated the difference between
receiving a correct solution and learning from it. In five repositories
(PRs 2, 3, 7, 12, and 17), the assistant correctly replaced split(”)
with Array.from() to handle multi-byte Unicode emoji characters.
The fix was technically appropriate, but participants’ explanations
varied sharply. PR 12 admitted, “To be honest I have no idea [why]”.
PR 2 could describe the Unicode issue, but added that “I don’t know
how Copilot identified the problem”. This pattern is consistent
with the Jagged Technological Frontier [7]: the tool may solve a
problem reliably while the developer’s learning remains uneven.
Across these observations, a consistent pattern emerges: correct
solutions were frequently produced without a corresponding ability
to explain or justify them, reinforcing that code correctness alone
is not a reliable proxy for developer understanding.

Taken together, these findings address the research questions
stated in Section 4. Regarding RQ1, cognitive debt could be system-
atically detected: independent measures (Mastery Score, explana-
tion accuracy, debugging confidence, and documentation behavior)
converged on the same phenomenon. Regarding RQ2, the evidence
supports that structured desirable friction mitigates cognitive debt:
the pipeline condition produced higher mastery, stronger explana-
tions, and full reflective-documentation compliance, and all 19 par-
ticipants reported that Task 1 gave them a deeper understanding of
the system [10].

6 Implications
The results of this study suggest that structured interaction pat-
terns with AI code assistants are associated with differences in
developers’ demonstrated understanding, consistency of outcomes,
and engagement with reflective practices. Across both quantitative
and qualitative measures, the presence of workflow constraints
was linked to higher mastery scores, higher rates of correct ex-
planations, and consistent use of reflection artifacts, while their
absence was associated with lower average performance, increased
variability, and reduced evidence of internalized understanding.

StructuredWorkflows and Cognitive Engagement. The find-
ings indicate that requiring explicit specification before implemen-
tation and structured reflection afterward may support deeper cog-
nitive engagement with AI-assisted development. Participants in
the pipeline condition not only achieved higher average Mastery
Scores, but were also more likely to correctly explain how sys-
tem components interacted without consulting the code. These
two measures, continuous performance scores and threshold-based
explanation ability, converge on the same pattern: participants
demonstrated stronger understanding when the workflow required
them to articulate intent and reasoning.

The qualitative evidence reinforces this interpretation. In the un-
constrained condition, several participants were unable to explain
key aspects of their own implementations or expressed uncertainty
about how their code functioned, even when the resulting behavior
was correct. This suggests that the absence of structured reflec-
tion may allow development to proceed without corresponding
mental-model construction. In contrast, the pipeline appears to
encourage a form of active engagement in which developers must
continuously reconcile generated code with their own understand-
ing. While the results do not establish a causal mechanism, they
are consistent with the interpretation that workflow-imposed “fric-
tion” can promote more deliberate reasoning, in line with desirable
difficulty [3].

Variability, Individual Differences, and Experience. A cen-
tral result is the increased variability observed in the unconstrained
condition: although the average Mastery Score declined, the de-
crease was not uniform: some participants maintained high per-
formance across both tasks, while others experienced substantial
drops. Notably, this variability appears to be associated with how
participants engaged with the AI assistant rather than with their
experience level: several participants with multiple years of pro-
fessional experience exhibited the largest declines, while others
sustained strong performance by actively verifying and reasoning
about generated solutions. This suggests that AI tools may amplify
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existing work patterns rather than uniformly amplifying capability:
developers who remain actively engaged can maintain understand-
ing, while those who rely more passively on generated output may
experience reduced comprehension.

Workflow Influence on Design and Development Practices.
The findings suggest that workflow structure may influence not
only cognitive outcomes but also technical decisions. In Task 1, par-
ticipants who engaged in pre-implementation specification consis-
tently adopted a display-layer approach that preserved the separa-
tion between game logic and presentation. In contrast, participants
who did not articulate design intent beforehand were more likely to
propagate changes throughout the internal state of the application.

This pattern indicates that requiring developers to specify goals
and constraints before coding may make architectural considera-
tions more explicit and actionable. By forcing a distinction between
what should change and what should remain stable, the work-
flow may reduce the likelihood that design decisions are implicitly
delegated to the AI assistant. Importantly, both strategies were
functionally correct with respect to the task requirements, meaning
that standard correctness checks would not distinguish between
them. The observed difference therefore, reflects variation in design
reasoning rather than task completion.

A similar dependency on workflow structure is observed in docu-
mentation practices. Reflective artifacts were consistently produced
when required by the pipeline, but rarely appeared when the re-
quirement was removed. This suggests that practices related to
explanation and reflection were not yet internalized by most par-
ticipants, and instead depended on explicit process enforcement.
Together, these findings indicate that workflow design can shape
both how developers think about code and how they structure it.

Implications for Practice, Tooling, and Education. For prac-
titioners, the results suggest that incorporating a lightweight struc-
ture into AI-assisted workflows may help maintain understanding
and code ownership. Practices such as requiring brief task specifi-
cations or post-implementation explanations could serve as check-
points that ensure developers remain engaged with the reasoning
behind generated solutions. The observed decline in explanation
ability and debugging confidence in the absence of such practices
indicates that, without intervention, correct code may not be ac-
companied by transferable understanding.

For tool builders, the findings highlight an opportunity to comple-
ment productivity-oriented featureswith support for comprehension-
oriented workflows. Current AI-assisted development tools primar-
ily optimize for speed and ease of code generation, but the results
suggest that additional mechanisms (such as prompting developers
to explain changes, justify design decisions, or validate assump-
tions) may help mitigate the loss of understanding observed in
unconstrained settings. These features could be integrated into ex-
isting development environments as lightweight prompts or review
stages.

For educators, the results reinforce the value of structured arti-
facts as both learning supports and assessment instruments. The
combination of specification and reflection artifacts enabled the
evaluation of understanding beyond functional correctness, reveal-
ing discrepancies between implemented behavior and participant
explanations. This suggests that similar approaches could be used to

assess learning in AI-assisted programming contexts, where tradi-
tional evaluation methods may fail to capture the extent of student
comprehension.

Implications for Research. The study contributes an empiri-
cal approach to observing differences in developer understanding
across workflow conditions, combining quantitative performance
measures with qualitative indicators such as explanation ability and
self-reported confidence. Future work should pursue replication in
professional environments, longitudinal assessment of whether the
observed differences persist (particularly during maintenance and
debugging), and exploration of alternative workflow designs that
balance AI-assisted productivity with sustained comprehension.

7 Threats to Validity
Internal and Construct Validity. The fixed task order (pipeline
always before no-pipeline) was an intentional design choice to give
Task 2 the advantage of recency; however, it limits causal isolation
of the pipeline effect from familiarity with the codebase. A counter-
balanced within-participants design would be required to control
for this confound. A task-complexity equivalence analysis (cyclo-
matic complexity, Wilcoxon 𝑝≈0.06) is available in the extended
report [10].

Participants may also have improved their interaction strategies
with AI assistants during Task 1, introducing a learning or carry-
over effect that benefits Task 2 independently of the experimental
condition. Conversely, fatigue or reduced motivation in the second
task may have negatively influenced engagement and performance.
Variability in adherence to the prescribed pipeline further intro-
duces a threat to treatment fidelity, as participants may partially
comply with or bypass required artifacts, leading to inconsistent
exposure to the intervention. Moreover, participants’ awareness of
being observed may have influenced their behavior (Hawthorne
effect), potentially increasing effort and engagement during the
constrained condition.

Construct validity is further constrained by the operational-
ization of cognitive debt through the Mastery Score and Socratic
review. While these instruments capture multiple dimensions of
understanding, they rely on subjective evaluation and may not
fully represent all aspects of developer cognition. The Socratic re-
view process, while structured, may also introduce instrumentation
bias, as variations in prompt phrasing or interpretation can affect
evaluation consistency. Additionally, cognitive debt was assessed
immediately after task completion, when the code was still fresh in
memory. This timing may underestimate longer-term differences
in retention and understanding; the observed effects may evolve
significantly over time.

External Validity and Conclusion Validity. The experiment
was conducted with a convenience sample of undergraduate and
postgraduate computer science students at a single institution,
which may limit generalizability to professional software engineers
or different educational contexts. The use of a well-bounded Tic-
Tac-Toe application further constrains ecological validity, as the
pipeline’s effectiveness in large-scale, multi-module, or production
environments remains untested. More broadly, the simplicity and
short duration of the tasks may not reflect the cognitive dynamics



SBES 2026, September 8–11, 2026, São Paulo, SP, Brazil Silva Neto et al.

of real-world, long-term software development. Finally, the diver-
sity of AI models used by participants (eight variants) introduces
variability in suggestion quality, which may influence performance
independently of the pipeline.

8 Conclusion
This paper investigated the impact of AI-assisted development on
developer cognition, with particular focus on the emergence of
Cognitive Bypass and the resulting accumulation of cognitive debt.
To address this challenge, we proposed the Mastery-Aware Pipeline,
a structured workflow designed to reintroduce deliberate cognitive
engagement through formal specification and post-implementation
mastery verification.

To evaluate our proposed approach, an experimental study was
conducted in which participants completed comparable program-
ming tasks under two conditions: with and without the proposed
pipeline. The methodology combined quantitative assessment us-
ing a multi-dimensional Mastery Score and qualitative analysis
via Socratic review. The results consistently indicate that uncon-
strained AI delegation reduces developers’ ability to explain, justify,
and reason about their own code, while the introduction of struc-
tured “desirable friction” significantly improves these dimensions.
In particular, participants using the pipeline demonstrated higher
mastery scores, stronger conceptual understanding, and more de-
liberate architectural decisions. On the other hand, those operating
without constraints exhibited signs of cognitive debt and reduced
ownership of their solutions.

These findings suggest that productivity gains from AI-assisted
development may come at the cost of diminished cognitive en-
gagement if not properly managed, and that workflow design, not
model capability, is the primary determinant of learning outcomes.
In addition, by framing AI systems as collaborators that support,
rather than replace, human reasoning, the proposed approach pro-
vides a foundation for more sustainable and cognitively aligned
development practices.

Future work should extend this investigation through longitudi-
nal studies to assess the persistence of cognitive debt over time, as
well as large-scale industrial replications to evaluate the pipeline in
real-world development environments. Additional research is also
needed to automate mastery assessment and to explore adaptive
mechanisms that calibrate the level of enforced friction based on
developer expertise and task complexity. Together, these directions
will help advance the design of AI-assisted workflows that balance
efficiency with sustained developer understanding.

Artifact Availability
The artifacts related to this work are available at [9].
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