
Developer productivity tools like GitHub Copilot promise transformational benefits: writing code faster,
automating boilerplate, and even improving code quality. A headline number often quoted — “55% faster coding”
— has become a rallying cry for AI-assisted development. But as product leaders and seasoned PMs know, the
model is not the product. Beneath the marketing claims lies a landscape shaped by task-dependent model
behavior, subtle failure modes, and the complexities of measuring true impact.

In this post, I’ll unpack what that “55% faster” figure really means, interrogate the enterprise studies behind it, and
outline best practices toward defining meaningful evaluations before release. Along the way, I’ll reference industry
tools like PM Toolkit’s suite of calculators and evaluation frameworks — which companies such as PayPal and
H2O.ai trust to rigorously assess AI product impact — and share lessons learned about Automation,
Augmentation, and Innovation patterns in AI-assisted workflows.

Why “55% Faster Coding” Is Not a Magic Number
Let’s start with the figure itself. GitHub Copilot’s claim traces back to an internal user study evaluating developer
efficiency with and without the tool. The claim: developers complete coding tasks 55% faster on average using
Copilot. This headline is elegant, digestible, and compelling — ideal for marketing — but it elides many critical
factors:

Task Context: Which coding tasks are speeding up? Writing boilerplate? Debugging? Feature
implementation? Different tasks show very different model efficacy.

Developer Expertise: Novices might gain more than experts, or vice versa. Without segmenting by skill level,
averages can mislead.

Evaluation Environment: Lab studies vs real-world production settings often diverge sharply in outcomes.

Sample Size & Variance: How many users, tasks, and coding hours were measured? What about statistical
significance?

As an AI product lead, I keep a personal ship/no-ship checklist that insists on transparency about these factors
before accepting such claims.

Model ≠ Product: Understanding the Workflow Lens
It's critical to recognize: the model is not the product. GitHub Copilot uses powerful AI models — large code-
completion transformers — but the real user experience depends on the integration, UI/UX, and how the model’s
output fits into existing developer workflows.

Developers today use a variety of tools and processes: IDEs, version control, CI/CD pipelines, static analysis tools,
and collaboration platforms. They ship code under deadlines, in teams, and with varying rigor around code reviews
and testing.

Understanding what users do today illuminates how AI models should augment workflows:

Are developers spending the majority of time on repetitive boilerplate or creative problem solving?

How often do models suggest incorrect or insecure code, requiring extra verification time?

Where are points of friction or cognitive load in the coding process that AI can realistically help reduce?

These workflow insights are foundational. Without them, metrics like “55% faster” can border on model wars
without practical context.



Defining Meaningful Evaluations Before Release
Before touting productivity gains, it’s essential to define evaluation criteria explicitly and quantitatively. This
is where the industry-leading PM Toolkit shines, offering calculators and frameworks trusted by heavy-hitters like
PayPal and H2O.ai to build robust business cases.

Evaluation Frameworks:

Task-Dependent Metrics: Use PM Toolkit calculators such as velocity, cycle time, and developer activation
rate to capture true before-and-after effects.

Business Impact: Calculate ROI, TAM/SAM/SOM, MRR/ARR, and churn impact — critical for enterprise buy-in.

User Experience: Leverage NPS, PMF scores, and retention to measure adoption and satisfaction over time.

Experiment Design: Design A/B tests to quantify differences. Use sample size calculators to power these
experiments rigorously.

By embedding evaluation into product discovery phases, teams avoid hand-wavy accuracy improvements that lack
real-world rigor.

Example: Evaluating Copilot’s Impact on Velocity

Metric Without Copilot With Copilot Percent Change Velocity (function points per sprint) 20 28 +40% Cycle Time
(hours per story) 8 6 -25% Bug Rate (defects per 1000 lines) 5 7 +40% (increase)

Note how speed gains can come with tradeoffs (bug rate increase), underscoring the need for balance and
continuous evaluation.

Task-Dependent Model Behavior and Failure Modes
AI code assistants like Copilot shine on certain coding tasks but falter on others:

Boilerplate Generation: Very effective; repetitive patterns are easily learned.

API Usage: Mixed results. Copilot may hallucinate nonexistent APIs or misuse existing ones.



Complex Algorithms: Often struggles to generate correct logic without human oversight.

Security-Sensitive Code: High risk: generated code may introduce vulnerabilities.

Common failure modes include hallucinations, low-confidence completions, and over-trusting model output
leading to technical debt. Enterprises like PayPal manage these risks with layered validation and by defining kill
switches that allow quick rollback or disabling of AI-assist when issues arise.

Automation vs Augmentation vs Innovation Patterns
To properly position any AI tooling, it’s pmtoolkit.ai helpful to classify the capability according to these patterns:

1. Automation: Entire tasks are completed end-to-end without human input (rare in coding tools; more
common in testing or documentation generation).

2. Augmentation: AI provides suggestions, code snippets, or completions that the developer reviews and edits
before committing.

3. Innovation: AI introduces novel workflows or product features that were impossible before, such as natural
language-based query coding or multimodal programming.

GitHub Copilot today primarily operates as augmentation. This distinction matters: claiming “faster coding” implies
a speed-up of an existing workflow rather than replacing it. Understanding this nuance frames how enterprises like
H2O.ai allocate budget and measure value.

Putting It All Together: A Practical Checklist for PMs and AI Product
Leads
Before buying into “55% faster coding” or similar metric claims, ask these questions:

1. What specific coding tasks does this speed-up apply to? Do lab tasks reflect real-world use?

2. What’s the average vs median improvement? Is it consistent across skill levels?

3. What failure modes were observed, and how often? How are they surfaced to users?

4. What is the impact on code quality, security, and maintainability?

5. What kill switches or rollback plans exist if the model detrimentally impacts workflows?

6. How does this tool slot into existing developer workflows today? What augmentation or automation
patterns does it exemplify?

7. How have pilot or enterprise studies measured ROI, retention, and other business KPIs? Use PM
Toolkit’s calculators to model scenarios.

Only after exploring these dimensions can we responsibly interpret and trust productivity claims.

Conclusion
The claim that GitHub Copilot enables developers to code 55% faster offers an enticing headline but masks the
nuance essential for meaningful product decisions. Metrics without measurable evaluation frameworks, task
context, and explicit workflow integration risk becoming marketing hype.

https://pmtoolkit.ai/learn/ai-modern-pm/ai-literacy-for-pms


Enterprise leaders at companies like PayPal and H2O.ai rely on industry-grade tools such as PM Toolkit’s
comprehensive calculators and evaluation frameworks to quantify the true impact of AI-assisted tooling —
balancing productivity gains with quality retention and business outcomes.

For product managers and AI leads, the key takeaway is clear: define your evaluation criteria before release,
understand the task-dependent behaviors and failure modes, and treat AI-assisted development as
augmentation within a larger innovation ecosystem.

Only then can we move beyond catchy percentages and toward real improvements in developer productivity.


