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Root Cause Analysis

- Quantitative Process Mining
- Qualitative LLM Interpretation

- Analyzes
- Late Shipments
- Order Lead Times
- Labor Productivity
- Short Orders
- …
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The Problem with 
Generic Evals

- False sense of measurement 
and progress

- Good starting point, but don’t 
correlate with real failures

- Miss domain-specific 
problems
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Error Analysis

- Identifies failure modes 
unique to your app

- Process
1. Creating a Dataset (extract 

examples)
2. Open Coding (write 

comments)
3. Axial Coding (group same 

errors)
4. Iterative Refinement (measure 

and repeat)
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0. Collect Traces

- A trace is
- one AI request, captured from 

start to finish
- a user experiencing your 

product

- Start collecting traces early
- Track costs and durations

- Use tools like Langfuse, 
Braintrust, Arize Phoenix, 
LangSmith
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1. Create Dataset

- How many?
- Start with 20 traces
- Stop at “theoretical saturation”, 

no new issues

- Which ones?
- Random Sampling
- Generic Evals (e.g., 

”helpfulness”)
- Outlier detection
- Metric based (e.g., long 

outputs first)
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2. Axial Coding – 
Group Comments

- Group similar comments 
together by using

- Embeddings
- LLMs (ask ChatGPT)
- Keywords
- Manual
- …

- We reduced 168 comments 
to 19 failure modes

- Each failure mode is a 
perfect eval for your app
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Writing Evals

- Verifiables
- Math
- Code
- Length / Regex checks

- Non Verifiables
- Creative Writing
- Tone of Voice
- Subjective

- Use positive and negative 
examples from your comments
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Use Binary Scores

- Likert Scale: 1 to 5 
- People default to safe middle 

values like 3 to avoid making 
decisions 

- For an LLM (as a judge), it’s 
equally hard to distinguish

- Binary: Pass or Fail 
- Forces clear decisions
- 1 = Failure exists (fail)
- 0 = No Failure (pass)

- You make binary decisions 
anyway!

- what’s the cutoff rate for “good 
enough”?
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Measure Judge Quality

- Use confusion matrix – your 
labels vs judge labels

- Tells you, how well your judge  
aligns with human judgments

- Focus on
- True Positive Rate (TPR)
- True Negative Rate (TNR) 

- Errors hide in the long tail
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Same Model for App 
and Eval?

- Yes - Judge has a different 
task than your main LLM

- Models can exhibit bias when 
evaluating their own outputs

- Start with most capable 
models first to establish 
strong alignment with human 
judgement

- optimize for cost later
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100% Pass Rate = 

- Evals != Tests 
- Your evals aren't 

challenging enough

- Teams that hit 100% often 
gamed their metrics rather 
than fixing problems

- if you're at 100%, what do 
you work on next? 
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Taxonomy

01 Context Clarity

CC-01: Missing Units and Metrics
CC-02: Missing Scope and Period
CC-03: Missing Sample Size
CC-04: Missing Comparative Context
CC-05: Missing KPI Definition

02 Data Validity

DV-01: Unusual Patterns
DV-02: Contradictory Data
DV-03: Empty Dataset Reporting
DV-04: Inadequate Data Slicing

03 Evidence Support

ES-01: Unsupported Speculation
ES-02: Speculative Wording
ES-03: Unsubstantiated Significance
ES-04: Causality Confusion
ES-05: Unjustified Status Labels

04 Presentation Quality

PQ-01: Misleading Numerics
PQ-02: Prescriptive Action Statements
PQ-03: Generic Titles
PQ-04: Vague Terminology
PQ-05: Judgmental Language
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Result GPT-4.1-nano  
GPT-4.1-nano reduced Context Clarity errors by 6.2% 
compared to our current model, while running 37% faster and 
costing 96% less.

6.2% 37% 96%
Better Context Clarity Faster Cheaper
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How can we find good evals?

How can we quantify the 
product quality and track 
improvements over time?

What is the most critical task to 
tackle next?

How can we be sure to release a 
new model?

With error analysis

Count failure modes / categories

Prioritize failure modes for impact + cost + urgendcy

Run evals, count failure modes, compare failures + cost 
 duration
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Let’s connect!
▪ github.com/MartinSeeler

▪ linkedin.com/in/martinseeler

▪ Martin.Seeler@blueyonder.com
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