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Code Review

Assessing the quality of submitted code changes



Why Code Review Matters
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Challenges



Evolution of Code Review
📍 1970s–1980s: Formal Manual Reviews 

• Fagan Inspections 
• Paper-based, in-person, structured roles, heavy documentation 

📍  1990s–2000s: Email & Patch-Based Reviews 
• OSS mailing list patches (e.g., Linux kernel) 
• Asynchronous, informal 

📍 2000s–2010s: Web-Based Code Review Tools 
•   GitHub PRs, Gerrit 
• Inline comments, diffs, CI hooks, integrated into version control



Evolution of Code Review
📍 2010s–2020s: Collaborative (Modern) Reviews 

•   Frequent, fast, and lightweight reviews  
•   Integration with CI/CD pipelines 

📍  2020s–Now: AI-Powered Code Reviews 
• LLM-based suggestions (e.g., GitHub Copilot) 
• Auto-detection of bugs, style, and logic issues 



Evolution of Code Review

Formal
Centralized
Manual inspections
Bug-finding

Augmented
Distributed teams
Automated assistance
Collaboration/learning



• CHASE 2025: 2 papers 

• ICPC 2025: 2 papers 

• Doctoral Symposium: 2 papers 

• MSR 2025: 3 papers 

• ICSE 2025: 5 papers

Does Code Review Matter Today?
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Keynotes’ Takeaway

Need for more theories in SE!

CHASE 2025 MSR 2025 ICPC 2025



Theories of Programming
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https://medium.com/bits-and-behavior/dagstuhl-trip-report-theories-of-programming-382543a3e540

https://medium.com/bits-and-behavior/dagstuhl-trip-report-theories-of-programming-382543a3e540
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Developers make mistakes during 
code review



Code Review Quality
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Gandalf, the reviewer 

Bad patches, you shall not pass! 



Study I: Code Review Practice

• Mining development 
repositories: issue 
tracking, version control 
system, code review 

• Do developers miss 
many bugs? 

• What factors affect code 
review quality?

15Kononenko et a., ICSME 2015



Case Study Setup
• Mozilla project 

−Commits to the mozilla-central repository  
(from 2013-01-01 to 2014-01-01) 

−Bug report data from Bugzilla 
−Code review information from Bugzilla

System Commits Reviews Writers Reviewers

Mozilla-all 27,270 28,127 784 469

Core 18,203 18,759 544 362

Firefox 2,601 2,668 214 110

Firefox for Android 2,106 2,160 108 72
16



Data Mining
D

at
a 

ex
tra

ct
io

n 
an

d 
fil

te
rin

g
Som

e m
agic

Data analysis
17



SZZ Overview
• The SZZ algorithm provides a list of commits that 

led to a bug (as indicated by a given bug-fix commit) 

• “Led to a bug” example: 

Before (bug-inducing )              After (bug-fix)
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if (foo == null) 
  bar(foo);

if (foo != null) 
  bar(foo);



Factors and Metrics

Technical Personal Participation
Size (LOC) Review queue # of developers on CC
# of chunks Reviewer experience # of comments
# of files Writer experience # of commenting devs
Module Reviewer experience 

for module
Avg # of comments per 
developerBug priority

Bug severity Writer experience for 
module

# of reviewer’s 
commentsSuper review required

# of previous patches
# of writer’s comments

# of writer’s previous 
patches
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Do Reviewers Miss Many Bugs?

System Number of 
reviews

Number of 
buggy reviews

% of buggy 
reviews

Mozilla-all 28,127 15,188 54.0%

Core 18,759 10,184 54.3%

Firefox 2,668 1,447 54.2%

Firefox for Android 2,160 1,210 56.0%

Previously reported findings on the % of buggy commits: 
• Kim et al. – from 10% to 74% depending on a project;  

                    30% for Mozilla (2003-2004 commit history) 
• Sliwerski et al. – 42% for Mozilla (commits prior 2005)
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Do Personal Factors Affect  
Code Review Quality?

Mozilla Core Firefox Firefox for 
Android

Adjusted R2 0.128 0.123 0.173 0.138
Size (LOC) 0.102*** 0.098*** 0.108*** 0.115***
Chunks † † † †
Number of files 0.058*** 0.059*** 0.109*** 0.062*
Module ⋆ n/a n/a n/a
Priority ⋆ ⋆ ‡ ·
Severity ‡ ‡ · ‡
Super review -0.139** -0.177*** · n/a
Review queue 0.017*** 0.0204*** 0.038** 0.045**
Reviewer exp. -0.013*** -0.012*** -0.029***  -0.041***
Reviewer exp. (module) † † ‡ 0.018*
Writer exp. · -0.004* ‡ ‡
Writer exp. (module) † † ‡ ·
# of previous patches † † † -0.045***
# of writer patches -0.012*** · · †
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Does Participation in Code Review 
Influence Its Quality?

Mozilla Core Firefox Firefox for 
Android

Adjusted R2 0.134 0.128 0.173 0.147
Size (LOC) 0.105*** 0.103*** 0.105*** 0.117***
Chunks † † † †
Number of files 0.060*** 0.059*** 0.090*** 0.067*
Module ⋆ n/a n/a n/a
Priority ‡ ⋆ ‡ ⋆
Severity ⋆ ‡ ⋆ ‡
Super review -0.124** -0.160*** ‡ n/a
# of devs on CC 0.053*** 0.056*** ‡ 0.049*
# of comments † † † †
# of commenting devs -0.124*** -0.102*** -0.075*** -0.176***
# of comments / # devs -0.039*** -0.029** ‡ ‡
# of reviewer comments 0.010** ‡ 0.026* ‡
# of writer comments · · · -0.047**
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Study I: Insights

Reviewers miss many 
problems 

Review quality factors: 
• Size-related metrics 
• Participation in 
discussion of bug fixes 
• Reviewer workload  
• Reviewer experience 

23Kononenko et al., ICSME 2015



Study II: Developer Perception

We conducted a survey with 
Mozilla developers and asked 
them: 

• How do you conduct code 
reviews? 

• What influences review time 
and decision? 

• What is a good review? 
• What challenges do you face?

24Kononenko et al., ICSE 2016



Survey Participants
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Bugzilla 
(12 months period) 

3,142 contributors 843 developers 
with exp. value ≥ 15 

403 “mature” developers 

88 responses 
(22% response rate) 

74% : ≥ 7 years of programming exp. 

67% : ≥ 3 years of code review exp. 



Survey Analysis
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Survey data 

12 closed-ended questions 

7 open-ended questions Card sorting  
(978 quotes, 30 categories) 



Factors Influencing CR Time
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Factors Influencing CR Decision
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Factors Affecting CR Quality
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The Factors Affecting CR Quality 
(Likert Scale Question)  

20 



Study II: Insights
Mozilla developers believe that: 

• Patch size, reviewer experience, and tests do matter 
• Reviewers should be experts 

Code quality matters, but so do these: 

• High quality feedback 
• Reviewer's personal qualities 
• Trust and familiarity with the patch author

30



Code Review in ML Libraries
• Mining GitHub PRs 

• Do developers miss 
many bugs? 

• What types of bugs are 
typically missed?

31

EMSE 2025 (In preparation)



Methodology
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Data collection and 
algorithm selection

Manual annotation of 
pull requests

a. Identifying bug-fixing commits
b. Running L-SZZ
c. Mapping
d. Manual inspection of closed PRs
e. Emails to PyTorch contributors

SZZ



Taxonomy of DL Faults
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Nargiz Humbatova, Gunel Jahangirova, Gabriele Bavota, Vincenzo Riccio, Andrea Stocco, 
Paolo Tonella. “Taxonomy of Real Faults in Deep Learning Systems”. ICSE 2020.



LLMs
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• OpenaAI
• GPT 4o-mini
• GPT 4o

• Meta
• Llama 3.2 1B-Instruct
• Llama 3.2 3B-Instruct
• Llama 3.1 8B-Instruct

• GitHub Copilot
• Google Gemini

• 1.5-Flash
• 1.5-Flash 8B

• Nvidia
• Llama 3.1 Nemotron 70B-Instruct

• Mistral AI
• Ministral 8B



Do Reviewers Miss Many Bugs?
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Project Number of bug-
inducing PRs

Number of 
merged PRs %

Pandas 1,236 10,557 11.70%

Scikit-learn 517 4,303 12.01%

TensorFlow 811 5,869 13.81%

NumPy 637 3,752 16.97%

PyTorch 314 1,224 25.65%



What Types of Bugs Are Missed?
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Study III: Insights

• Code review quality of ML libraries is 
relatively high 

• Code review quality is project-dependent  

• Pandas had fewest missed bugs, PyTorch the 
most 

• LLMs are sensitive to the bug type
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Other Theories of Code Review?
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Code Review Comprehension Model

Pavlina Wurzel Goncalves, Pooja Rani, Margaret-Anne Storey, Diomidis Spinellis, 
Alberto Bacchelli “Code Review Comprehension: Reviewing Strategies Seen Through 
Code Comprehension Theories”. ICPC 2025. 

Activities for Understanding and 
Creating Review Strategy



Can AI-Powered 
Assistants Improve 

Code Review 
Quality?
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AI in Software Development

40https://survey.stackoverflow.co/2024/ai

https://survey.stackoverflow.co/2024/ai


AI in Software Development

41https://survey.stackoverflow.co/2024/ai



AI in Software Development

42https://survey.stackoverflow.co/2024/ai



Examples
• GitHub Copilot + PR Reviews 

AI can suggest improvements, detect code smells, or even offer inline 
explanations of complex logic during the review process 

• DeepCode / Snyk Code 
AI-driven static analysis tools like Snyk Code to automatically flag 
vulnerabilities or bad practices during review. 

• Meta: Internal AI for Code Review Prioritization 
ML models to predict which pull requests are likely to have defects 

• Google: Automated Suggestions via Code Review Bots 
Tools Critique and Tricorder to automatically suggest style, formatting, or 
even logic improvements in PRs. 

• Amazon: AI-Assisted Reviewer Matching
43
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Examples: GitHub Copilot



Examples
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What AI Does Well

• Automates 
formatting/
style checks 

• Suggests fixes, 
documents 
code, 
summarizes 
changes 

• Recommends 
code reviewers

What Humans (Will) 
Do Best

• Understand 
context and 
business logic 

• Make 
architectural 
decisions 

• Mentor and 
guide team 
growth



(Some) AI Side Effects
• AI Overreliance 



AI Overreliance



Legal Issues and Regulations



Opportunities
How do we orchestrate agentic AI for code review?



Opportunities
Human-centered AI

Review as a conversation 
not gatekeeping

Would AI-based code 
review assistants be able to 
catch all the bugs that 
humans miss?

How do we deal with 
increased review loads on 
human reviewers?



Developer Engagement with AI-Assisted 
Code Reviews
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Adam Alami, Neil Ernst. “Human and Machine: How Software Engineers Perceive and 
Engage with AI-Assisted Code Reviews Compared to Their Peers”. CHASE 2025. 



Opportunities

53

Building ethical AI-powered 
assistants:

- Security
- Accountability
- Data privacy 
…
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Developers make mistakes during 
code review
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AI-powered tools help developers 
avoid mistakes during code review
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