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Abstract 

This article examines how CMMI-DEV Maturity Level 3 Peer Reviews practice area — specifically PR 3.1, 

Analyze Peer Review Data — turns routine SonarQube and pull-request review findings into measurable 

engineering and business value. Drawing on a real two-week sprint review cycle that combined automated 

static-analysis gates with human pull-request review, consolidated through an AI-generated dashboard, the 

analysis shows how a 34.69% CI failure rate, a Quality-Gate-dominated failure profile, and a recurring 

design-pattern defect were converted into concrete, low-cost corrective actions. The discussion translates 

CMMI-DEV's analytic discipline into plain business language for engineering and executive leadership alike, 

and closes with four practical recommendations for embedding AI-powered peer review analytics into a 

software delivery lifecycle. 
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Why Peer Review Analysis Matters 

Ask most engineering teams if they run peer reviews, and the answer is yes. Ask what they've learned from 

six months of review data, and the room usually goes quiet. Reviews happen, findings get logged, pull 

requests get merged — and then the data just sits there, unread. 

CMMI-DEV has a name for the practice that closes that gap: PR 3.1, Analyze Peer Review Data. It's a 

Maturity Level 3 requirement, and it's one of the most underused parts of the model, because on paper it 

sounds like paperwork. 

It isn't. We saw that firsthand on a recent engagement: a client running a React front end and a backend 

service layer, reviewed through SonarQube and pull-request comments, with an AI tool pulling both feeds into 

one dashboard. Over one two-week sprint, that combination turned a pile of review data into decisions a 

leadership team could actually act on. Here's how. 

What CMMI-DEV's PR 3.1 Practice Really Means 

Peer Reviews becomes a formal CMMI-DEV practice area at Maturity Level 3 for a reason: this is the point 

where reviewing code stops being a personal habit and becomes something the organization can rely on. 

There's a defined process, clear roles, and a consistent way of logging what reviewers find. 

PR 3.1 is the step most teams skip. It asks you to go back over that review data — not case by case, but as a 

set — and ask what it's telling you. Which problems keep coming back? Which parts of the system carry more 

risk than the rest? Is the time reviewers spend actually catching what matters, or just rubber-stamping? 
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Doing this well takes more discipline than it sounds. A single failed build can trip three different SonarQube 

rules at once — that's one problem, not three, and counting it as three inflates the numbers. Canceled runs and 

abandoned pull requests need to come out of the count, or the failure rate is measuring noise instead of risk. 

And a comment marked “resolved” is a claim until you can point to the passing rerun that backs it up. Skip 

these checks and you don't have analysis — you have a longer list. Get them right, and the data starts telling 

you something useful. 

Two Weeks, 98 CI Runs: A SonarQube and Pull Request Review Case Study 

During the CMMI consultation for one of my clients (i.e. KSA based company, acquired CMMI-ML3 

accreditation recently). Over a two-week sprint, the client's CI pipeline ran 106 times against the develop 

branch. Eight of those runs were canceled and don't count. Of the 98 that actually completed, 34 failed — just 

over a third. The backend and the React front end were close to even: 16 of 49 backend runs failed, 18 of 49 

frontend runs failed. 

Where did the failures come from? Overwhelmingly, from SonarQube's Quality Gate, the automated check for 

code quality, security, and test coverage. It accounted for 25 of the 34 failures. The rest were test failures or 

setup problems that never made it as far as Sonar. 

 

Figure 1. Failure causes and severity — recreated from the client's AI-generated CI Failure Dashboard. 

On the human side, reviewers left 12 comments across six pull requests. Seven were marked resolved. The 

other five looked, at first glance, like open issues — but a closer look showed three sat on pull requests that 

had simply been abandoned, and two were on work that had already shipped. Neither is a defect sitting there 

unaddressed; they're just records that never got their checkbox ticked. 

Severity told its own story. Of the 34 failed runs, 29 — 85% — were judged High severity by the reviewing 

team, not just flagged that way by a tool's default rules. 
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Figure 2. Severity overview — recreated from the client's AI-generated CI Failure Dashboard. 

One pattern stood out above the rest: four separate comments, all on the same pull request, all pointing at the 

same root cause — validation logic that belonged in its own component but had been written into the 

implementation instead. Four comments looks like routine review chatter. One pattern is a training 

conversation waiting to happen. 

Two more numbers almost slipped past unnoticed: backend new-code coverage landed at 79.9%, just under 

the 80% gate, and frontend branch coverage hit 84.99%, just under 85%. Both passed everything else. Neither 

showed up as an outright failure anywhere except this report — which is exactly the kind of early signal that's 

easy to miss without someone actually reading the numbers. 

Where AI-Powered Dashboards Made the Difference 

None of this required advanced math. It required someone to sit down, reconcile two different data exports, 

who trace 34 failed runs back to their causes, and check every “resolved” comment against what actually 

happened to that pull request. Done by hand, in the middle of a live sprint, that work either doesn't happen or 

gets rushed at the end of a release — too late to change anything. 

The AI-generated dashboard is what made it happen on time instead. this is what have been happened after 

discussion with client Tech lead, Eman. she uses AI-assistant tool that pulled the CI exports and the PR 

comments into one place, applied the same categories consistently across all of it, and surfaced the validator 

pattern and the near-miss coverage numbers within the same sprint that produced them — not two sprints 

later, buried in a retrospective nobody rereads. 

It didn't replace judgment, though. Deciding that a comment on an abandoned pull request isn't a live defect, 

or that one Sonar condition tripped by five different runs isn't five different bugs, still needs a person who 

knows the codebase. What the AI changed is how much grunt work stood between the raw data and that 

decision — and so how often the analysis actually gets done at all. 

What This Means for the Business — and What We'd Recommend 
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Strip away the tooling names and this comes down to one idea: catching a problem earlier is always cheaper 

than catching it later. Three-quarters of this client's failures were caught at an automated gate, before a human 

reviewer or a customer ever saw them — money spent at the cheapest point in the process. 

The validator pattern is the clearest example of the return this kind of analysis buys. Fix it as four separate 

tickets and you pay four times. Recognize it as one pattern and fix it once — through a coding standard or a 

short team session — and the next dozen instances never happen. That return is invisible if nobody's looking 

at the data as a set. 

For a leadership team weighing whether this is worth the effort, four things are worth doing: 

1. Look at review data every sprint, not once a quarter. The value is in catching a pattern while it's still 

small. 

2. Clean the numbers before trusting them. Strip out canceled runs and duplicate flags before reporting a 

failure rate, or the number will mislead you. 

3. Ask for proof, not a checkbox. A “resolved” comment should point to a passing rerun or a merged fix, 

not just a marker someone forgot to set. 

4. Let AI handle the busywork, and let people make the calls. Use it to pull the data together fast; keep a 

person deciding what the patterns actually mean. 

None of this needs new headcount or new software. It needs fifteen minutes a sprint and a habit of actually 

reading what the review process is already telling you. 
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